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Abstract

Alongside tremendous challengesinfectious diseasedike the rise of antimicrobial
resistance and the coronavirus disease pandethe 21 century is also witness to the

big data revolution, which offers opportunities tesign methodology capable of
addressing these great challeng&%hilst developing toolshere are two competing
philosophies of how to gain insight from big data: The miuglapproach, where the
natural data generating mechanism is approximatedststisticalinference, and the
algorithmic approach, where genefalirpose algorithrs are tuned to capturehidden
structure in the data for prediction. The aim of the thesis ascontribute existing
infectious disease problems, by motivatinigsigningand applying the correct big data
methodology, whilst facilitating future use through generating applications can be easily
re-purposed | first design a machine learner that capredict the source of
Campylobacteriosi83% more accurately than the previous most commonly used
methods. Our method broadens the data input spectrum to captures of whole genomes,
which uniquely allows assigning sousd® individual samples showing a shift in host
affinity of one of the most common lineages Gampylobactejejuni. Based on the
individual prediction of the machine learn&inferwhich genetic changes are associated
with host specitity by conducti)g a genomewide association studyl find
fluoroquinolone resistant genes piadapting chicken isolates to infection for humans
and polyphosphate pathway associated genes to distinguish adaption to chicken and
ruminant niche For the study oCOVIBL9risk,| conduct a machine learningrediction

of very severe forms of the disease, hospitalisation, and susceptibility, whilst also



inferring risk factors for all phenotypes bgpplying Bayesian model averaginge-
discover commonly defined Ksfactors describing soceconomic standing, ill health
and ethnicity whilst discovering more novel factors like previous lung injury
predisposing very sevel@OVIBL9 and bring order to the wealth of publishedOVID

19 risk studies.In the closing argunms | give limitations ofmy work and give
recommendations orhow the developedtools can be reapplied to make big data
research more accessiblealso expand howtatistical inference and machine learning
prediction canbe used in unisomo tap into the potentialof big datato address the

foremost infectious disease challenges of our time
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Introduction

Overview
Overview

Theimportance of infectious disease in addressing the major challenges of ffie 21
century has been made painfully obvious following the coronavirus 2019 outbreak.
Alongside other lingering threats, like the rise of antimicrobial resistance, this century is
also witness to a big data revolution. Alongside datasets -@v&@easing in diversity,
size, and speed of acquisition come unique difficulties and tremendous opportunity to
circumvent and combat infection. Methods development and application have seen a
parallel growth of innovation to accommodate pitfalls and harvest potential. There are
two largely separate trajectories of method development which adhere to one of two
competing dogmas on how to generate insight from data. Data modelling tries to
approximde natural data generating processes by using knowledge to mathematically
approximate the underlying sampling distribution of the data in a process known as
inference. Algorithmic modelling uses data to tune a genpteipose algorithm to
closely mirror tle structure in the data observed in nature for the purpose of prediction.
Currently inference lies within the domain of statistics with machine learning being the
tool of choice for prediction, each harbouring their own strengths and limitations. In the
following | will outline the differences in thinking and resulting methodology with their
respective applications in infectious disease resealraim to convey which approach
is suitable for the varying challenges which infections pose in tifec2htury and
motivate their combination where applicable. Despite resulting from diverse
philosophies of data use, and adhered to by sometimes separate communities, machine
learning and statistical inference clearly have complementary and overlapping &ims o
knowledge discovery. The combination and eventual synthesis of statistics and machine
learning holds tremendous potential at the brink of the big data era in infectious disease

research.
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Infectious Disease Research Enters the Big Data Era
1.1 Infectious Disease Research Enters the Big Data Era

The emergencerad subsequent success of antibiotics alongside rapid advancement in
public health during the 20century led to optimism towards infectious diseases at the

middle of the centuryCohen2000. Surgeon General William H. Stewart had told the

(0p))

'YAGSR {GlrGdSa O2y3aNBaa Ay wmpcop G2 aoOf2a
LIN2E Of F AYSR YIY{1{AYRQ& @A OUGECANE20@00/8 the tari & 2y
of the 2Ft century the optimism had largely waned. Outbreaks of novel diseases like

Ebola and Marburg haemorrhagic fevers, human monkeypox, bovine spongiform
encephalopathy, severe acutes@ratory syndrome, West Nile virus and avian influenza

caused concern in the research communibyashley2006). Infectious diseasewere

reported to havethe highest incidence and mortality of all human diseases in the last
decade(Gilmouret al. 2013, which was prior to the emergence of coronas disease

(COVIEL9) that has dominated this decade so far. The global pandemic that followed

made the importance of infection in public health abundantly evident, especially in

terms of trying better to prepare for pandemics to come. Anticipating thegance of

hitherto unknown aetiological agents is difficult but epidemics that began before the
emergence obevere acute respiratory syndrormeronavirus2 (SARSCOV-2) continue

to wreak havoc. Infectious diseases like HIV and malaria are still sprepdntigularly

in developing countries, while past pandemics like tuberculosis arenmrging
(Laxminarayar2022. The over and misuse of broadpectrum antibiotics has made
antimicrobial resistance a rising concern for health care systems thasyusived a

flood of COVIBL9 patients with a herculean effoifvVentola2015. The concern for the

resurgence of past aetiologicalegs and emerging future epidemics is exacerbated by
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an interplay with population densifHazariest al.2021). The largest population growth

IS expected to occur in areas with poor access tatment, low urbanisation and
globalisation, and subject to the worst effects of climate change and civil cqBflocim

and Cadarette2019. As countries in the 2lcentury are intertwined by international
business travel, tourism, import and export, any local cause for concern can swiftly
become globa(S6nmez, Wiitala, and Apostolopoul®819. The ongoing fight against

the COVIBLY pandemic, battling emerging infections in our recent pasd ahe
alarming rise of drug resistance, have painfully curbed our past hubris towards infection.
While far from declaring victory over infectious diseases today, there is cause for
optimism in the research community. Alongside new and demanding challetiges

21t century has also brought new tools to combat novel and ancient pathogens.

The notion of extrapolating from the clinical past to the future has been the backbone
of evidencebased medicine since its inceptigehrensteinet al. 2017). The current
transformation of the field comes not from a change in concept but from the variety
and volume ofthe evidence to draw on. A long history of scientific and industrial
progress culminated in the technological revolution of the 21st cenfBpkova and
Gulzat2020, causing a dramatic increase in the ampuwariety and speed of data
suffusing all aspects of socigtipérea and Revid021). Albeit lagging behind progress

in other disciplines like business, marketing, geography and climatology, infectious
disease research has started to embrace edii@en approachegSimonseret al.2016
Bansalet al. 2016). Expanding existing data streams, e.g. through better surveillance
aeadsSvyas FryR SYSNHAYy3 y2@0Stf aGNBIFyaz So3ao

51 0F 9NI ¢ ¥ 2 NISkngriseSeCall 2026d24&ith Bniedesheréa8ng wealth
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Infectious Disease Research Enters the Big Data Era
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2012, with some definitions countingasiyi&@ | & .AAE &+ ¢ &

1 Velocity describes the speed at which data is collected. In infectious diseases the
acquisition of information has, for example, been accelerated by theptmn of
novel data sources such as Twitter, internet search term trends andwatoon on
movement from location data.

1 Variety of data in infectious disease research is particularly apparent in the large
amount of research utilising large prospective cohort studies containing a vast array
of different descriptors. Databases like UK Biobank provide phenotypic, genotypic,
questionraire and physical information alongside sample assays, accelerometery
data, multimodal imaging, and comorbidity informati¢®udlowet al.2015).

1 Volumeof data has increased tremendously in multiple disciplines contributing to
infectious diseases, spurred by technological breakthroughs. In genomics for
example, the advent of high throughputechnologies like next generation
sequencing and microarrays has made the accumulation of large datasets
economically viabl€Ow, Tang, and Kuznetsg016). The first human draft genome
was published in 2001 with an estimated cost of $300 mil{lcanderet al. 2007,
Service2006. Today the lowest price offered to sequence one human genome is
$600(Preston, VanZeeland, and Pfeif8®21) and the number of sequenced human
genomes is expected to lie between 100 million to 2 billion by Z@28phen<t al.
2015. The enormous potential of genoasi is further heightened by equally vast

increases in the size of related data like gene expression, RNA and protein sequence
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data, proteinprotein interaction data, pathway data and gene ontology information

(Kashyapet al.2016).

The aailability of big data in every aspect of the term offers exciting opportunities for
infectious disease research but also comes with unique challenges. As an example, the
increase of nucleotide sequence dagammarisel in Figurel-1 makes the need for

novel methodology palpable.

X1lel6

Bases in Sequence Read Archive

- ———
—— S ———
I
o e s

2008 2010 2012 2014 2016 2018 2020 2022
Year

Figurel-1 Growth of genomic data

Number of basesontained in the Sequence Read archive from the years 2008 until 2022

as registered on www.ncbi.nlm.nih.gov/sra/docs/sragrowth/

To approximate genomic data growthused the number of bases contained in the

Sequence Read Archive, which shows a ratdavé accumulation that far outpaces



Introduction

Big Data, Big Methods
a?22NBQ@Moofe 1965 a22NBQa f I @ambeINStRAsStErs peri K S

integrated circuits to double every 2 years, which has described the pace of
computational innovation remarkably well for more than 50 ye@half2020. If data

is generated more rapidly than computational power grows then waiting for
technological progress to power existing methods is a futile endeavour and demands
novel approaches. The purpose of the chaptes In providing an overview of the most
common methods for using big data to generate insight into infectious disease. The
subsequent individual results chapters will contain tegpecific introductions to the
problems at hand.

1.2 Big Data, Big Methods

Whilg presenting novel research opportunities, big data can be challenging to
incorporate into analysis owing to its complexity, size, and multiplicity of origin. The
GaArAt2Ay3Ieé 2F YSRAOI toff tataliabes is till & ywitespZeadR dzl f
hindrance(Dérea and Revi2021). A stipulation for successful big data research is the
acquisition of actionable datasets througthe combination, refinement and
accumulation of data in databaséslooney, Westreich, and Sayed2015. Beyond
establishing theveracityof the underlying data, sometimes referred to as the fourth V
(AndreuPerezet al. 2015, the next hurdle in extracting valuable and robust insight
awaits: Scaling conventional statistical methods like regression, to high dimensional
data required simplifying approximations, as many underlying assumptions are
breached and heterogeneous datarcbe difficult to accommodat&. S. Y. Wong, Zhou,
and Zhan@019. Deploying big data methods, drawn from the rich toolboxes of either

machine learning or statistt inference requires methods with an innate ability to use
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vast and heterogeneous datasgi®w, Tang, and Kuznets@016). Machine learning
algorithms mostly fall into two categories, supervised and unsupervised learning, and
the combination thereof is calledemisupervised learnindBzdok, Krzywinski, and
Altman 2017). In supervised learning, labelled training datauged to learn hidden
patterns to be able to accurately predict labels for previously unseen(@Gateneet al.

2016). The focus of unsupervised machine learning alsaripsttern recognition but,

in the absence of labels for the training data, is primarily used for describing data, for
example identifying structuréGreeneet al.2016). Ssmi-supervised learning is based on
data where some datapoints have labels that are used to predict labels for the
unlabelled datgGreeneet al. 2016). Reinforcement leating is an emerging branch of

Y OKAYS fSFENYyAy3a GKFG GNFXAya |y FfE3I2NAGKY
for the performance of a given tagkutton and Bart@018. There are many methods
within the broad classes of supervised, unsupervised, seervised learning, and
reinforcement leaning. In this thesis, our focus lies in supervised machine learning, due
to its relevance in prediction, which is of special interest in infectious disease research
since it can forecast risks, phenotypes and sources of infe(iamken and Kelley
2020. Despite their oftersuperior predictive performancdor nontabular data

YI OKAYS tSIENYAyYy3 I LINRIFOKSa KI @S 2FG4Sy oS
owing to the difficulty of extracting actionable insight in terms of the underlying
scientific processegWiemken and Kelle020. This is troublesome for medical
research, especially when designing disease interventidfith both statistical and

machine learning approaches enjoying respective advantages and caveats, there is no

10
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data successfully by leveraging the strengths of lettniques.
Considering the complete spectrum of big data infectious disease research, lwashyna
and Liu(2014 argue that there are three questions about disease that big data can

answer:

1 What is going to happen?
1 What will happen if some variable is changed?

1 What is the pattern of te underlying data?

In the following sectiort would like to outline milestone studies in infectious disease
that address these questions using the three characteristics of big data. To answer what
IS going to happen in influenza outbreaks, Google fEends leveraged increased data
velocity using keyword searches and comments on social media platforms to monitor
the spread of flUH. T. Wonget al. 2015. The fundamental qustion of how changing
genetic variables affects the phenotype of the organism is addresseérmymewide
association studie$GWAS) using largeolume of genomes readily characterised by
rapid highthroughput genotyping. A milestone study was the uncavgif the genetic
basis of severaCOVIBLY9 by the COVIBEL9 Host Genetics Initiativg2021), using
genomes from 49,562 patients from 19 countries to infer 13 loci predisposing patients
for severe COVIEL9 upon infectiol. An example of discovering patterns of the
underlying data is provided by Alaa and colleag2€4.9 leveraging thevariety of data
contained in 473 different measurements from the 423,604 participants e WK

Biobank. The study predicts cardiovascular disease risk using an algorithm that

11
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automatically adapts an assembly of machine learning techniques. For a more complete
review of big data studies in health please see de la TorredDiaz(2016) or Doherty

et al. (2021). The tools to answer these questions can generally be sorted into one of

two categories: inference (GWAS study, Google Flu trends) or prediction (cardiovascular
disease risk prediction) tracing a schisniow to use data to generate insight.

1.3 Inference Versus Prediction

Broadly speaking, big data analysis approaches can be cafegori Ay 42 GAYTSNBy

l.fl

(0p))

GLINBRAOGAZ2Y D . 20K | LINRFOKSa GIF1S | a
relationship withthe dependent variable. However, inference is concerned primarily
with understanding the scientific processes by which the outcome data were generated,
whereas prediction is primarily concerned with accurately imputing unseen outcomes
in other datasets thiare in some sense equivale(Bzdok, Altmanand Krzywinski
2018 Wiemken and Kelle020. These separate but related aims of big data analysis
are wellknown and may be recognised der other names. For exampl&reiman

(20013 defined:

1 Data modelling which assumes that the outcome is the result of a stochastic
process that can be approximated by conceiving a mathematical model. The goal is
to further the understanding of how the outcome is generated as a function of the
explanatory variables. Statisticianglheere to this notion by carefully crafting
bespoke probability models approximating observed outcome distributions.

1 Algorithmic modelling which treats the data generating process as unknown and
focuses on finding a function whose output is as close ¢oahserved outcomes as

possible. Machine learning practitioners adhere to this concept by tuning a general

12
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purpose function with the goal of the producing an output that balances faithful
reproduction of the observed outcomes in the training data, witheyatisability to

other, unobserved, datasets.

The concept underlying these different approaches is illustratdegarel-2.

povulatio,

Big Data

Statistics

f6)~ @ fr9) = Giriys

Modelling  approach

Algorithmic approach

- L\_,

| I
Machine fix)=; \
learning A\ /A

13
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Figurel-2 Modelling approach vs algorithmic approach

An illustration of the difference between the algorithmic approach and the modelling
approach. (Big) data is a (large) sample drawn fromuaknowable population. The

algorithmic approach uses that sample to liken a predicted dependent variable

These concepts help us think about the different ways that researchers employ big data
to generate insight: Data modelling with the aim of inferencad atatistics being the

tool of choice, or algorithmic modelling where the goal is to achieve the most accurate
prediction through machine learning tools. Of course, there are statistical approaches
to prediction, and attempts at inference through interpale machine learning, with

the distinction becoming increasingly blurrédibbrecht and Nobl015). The same
researchers may adopt different approaches depending on their aims. Indeed, some
researchers do not accept a formal distinction at all. However, comparing and
contrasting both approaches shows why the same methods that accurately infer
underlying processes are not necessarily equally well poised to precisely predict
outcomes(Loet al. 2015. Similarly, algorithms optimised for prediction may do so at
the cost of interpretabilityLibbrecht and Noblg019® ! & (KS dab2 FNBS
proclaims(Wolpert1996 one singular model cannot be best across all problems.

1.4 Disambiguation

Beforel can embark on a description of the mechanisms of inference and prediction,
the terms must be coherently defined, as machine learning and statistics use different
terms for the same concepts, which are summarisedrable 1-1. The population

describes the entirety of objects from which the data at hand is a random sample.

14
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Gaining insight about the population is the aim of any data analysis, but can lbever
fully achieved, as sampling the population completely is infeasible. The data contains
independent variablesand dependent variables Independent variables are the
predictors or regressors, also known as features in machine learning. They can be split
further into factors (discrete variables) and covariates (continuous variables). The
dependent variables, also known as labels, targets or outcomes in machine learning, are
the resultsof changes in the independent variables leading to changes pertient
variables. Understanding versus leveraging the relationship between the independent
variables and dependent variables is fundamental for inference versus prediction
respectively. As outlined in Tablell have adopted the language of statistiénference

to assure consistency for this thesis.
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Tablel-1 Terminology machine learning vs. statistics

Comparison of terminology and concepts that differ betwesachine learning and
statistical inference. In this thediadopt the terms used in statistical inference. If there

are multiple terms listed, the tertwill use is highlighted in bold.

Machine learning Statistical inference

Terminology

Independent variablespredictors, regressors

Features, input )
explanatory variable

Prediction, output, labels, target, outcome

classes (if factors) Dependent variablesresponse variable

Learning Parameter estimation
Training Fitting a model
Generalisation Out-of-sample prediction
Integer (if whole numbers), float Continuous variables
Categorical variables Discrete variables
Classetif target of prediction) Factors
Clasqif target of prediction) Level
Onehot-encoded variables Dummy variables
Bias Intercept
Recall Sensitivity
Precision Positive predictive value
Concepts
Regression refers to prediction of continuo! Regression refers torediction of both
dependent variables, whereas classificatic continuous and factors and dependent
predicts factors variables

Parameter refers to the variables that are
tuned in training to learn patters of the date = Parameters are variables thdescribe the
Hyperparameters are variables that contrc shape of a probability distribution
the training.
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1.5 The Algorithmic Modelling Approach: Prediction Through Machine Learning
1.5.1 Algorithm Choice

Algorithmic modelling as implemented in supervised machine learning aims to make
minimal assumptions, e.g. lineayrjtlack of multicollinearity and independence, about
the data generating proceg8zdok, Altman, and Krzywing018. Instead, machine
learning trains generghurpose algorithms that can become arbitrarily complex to
approximate a mapping function producing similar results to the structure observed in
the data. The starting point of any machine learning study is to saé@m predefined
algorithms based on their empirically verified succ@&adok, Altman, and Krzywinski
2018). There is an array of commly used supervised machine learning techniques that
have proven apt at answering infectious disease questidiss.several algorithms used

for classification, but with adjustment all described methods can also be used for

regressionT. Hastie, Tibshirani, and Friedman 2008)

1 K-nearest neighbourss ore of the simplest algorithms in the machine learning
repertoire that classifies new data points by assigning the majority dependent
variable of the k most similar datapoints in the training déte and Hodges951).

The algorithm can be provided with differedistance metrics to find the-&losest
neighbours(Abu Alfeilatet al. 2019. This is especially useful when faced with
heterogeneous data which requires some custom formalisation of distance. Despite
the simplicity of tle concept, the knearest neighbour algorithm can be effectively
deployed given the levels of the dependent variable to predict (or classes in machine
learning) are well separated in feature space. This is demonstrated by nearest
neighbour classification lireg successfully used to determine whether an infection

is bacterial or viral with 92% accuracy from leukocyte data collected from 2,098
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blood samplegSuyantecet al. 2020. Differentiating between infections, or sources
of infection, is an important application of machine learning in infectious disease as
it powers the design of targeted interventions.

1 Naive Bayesian classifiersre a family of classifiers that probabilistically assign
g fdzSa (G2 RSLISYRSyl @FINARIofSa (XdZa8y3 |y |
Varying distributions, like Bernoulli, multinomial or Gaussian can be used for
different features. The evidence from multiple features is combined under the
assumption that all features contrilber independent information about the
dependent variable(John and Langley013. Even whenthe independence
assumption is violated, naive Bayes has the ability to classify compe(@vlyb
2010. Despite their algorithmic simplicity and strong independence assumptions,
Naive Bayesian classifiers are widely ugedLiand colleague2020 use naive
Bayes to distinguish between commonly found infections from a set of 146
predictors, including incidence rates, symptoms, test results and epidemiological
data. The resulting median accuracy of 97% over all 25 predicted diseases shows the
competitive predictive performance achievable with the naive Bayesian classifier.

1 Support Vector Machinesoptimise a hyperplane through feature space that
separates different levels of the dependent variable with maximal mail@ostes
and Vapnik1995. In the case of linearly inseparable levels of the dependent
variable, the data is transformed by mappingpimigher dimensional space, where
the levels are potentially distinc{Mcintyre et al. 2017). The transformation
functons NS OF f f SR a1 SNy St a¢szs 2F oKAOK GKSNB

polynomial or Gaussian depending on empiric classification perform@nckatyre
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operating in higher dimensional feature space which would be computationally
costly (BenHur et al. 2008. Pairwise distances between datapoints computed by
the kernels can be used inste@@lenHuret al.2008). Support vector mdunes have
been successfully implemented to pred@DVIBL9 status based solely on symptom
data with 87% classification accura@yuhathakurataet al. 2021). Predicting the
presence or absence of disease through algorithms can support the manual
decisionmaking process by healthcare professionals.

1 Decision Treegartition data successively, applying a series of binary splitgyusi
individual features to produce a treéke structure(Quinlan1986® ¢ KS af S| @S a
the tree are data bins which are assigned levels of the dependent variables as labels
(Quinlan1986). The splits are selected in training to optimise a measure of choice,
for example to minimise the entropy in both resulting sp(ité. Li, Xu, and Deng
2019. As variables are considered individually, there is no need for standardisation
of the input data(Quinlan1986). Decision trees have been applied in the ongoing
COVIBL9 pandemic to predict mortality in severe cag@anget al.2021). Assigning
the risk d disease mortality or severity through machine learning is important for
resource and attention allocating in the health sector. Another benefit for clinicians
is that trained decision tree algorithms are easily interpretable, with a caveat being
their tendency to overfit if uncontrolledBramer2013. Beyond regularisation to
avoid overfitting, the averaging over many decision trees in ensemble methods is

often used(Schrider and Ker2018).
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1 Random Forestare ensembles of decision trees where each individual tree is based
on a bootstrap subset of the training data and a random sampling of the
independent variablegBreiman2001b. Levels of the dependent variables are
AaA3dySR o6& a@2GAy3e 2F | ff RSOAaAAZ2Yy (NB
to handle nonstandardised input data, random forests temal be less prone to
overfitting due to the embedded stochasticity in sampl{&gatnikovet al.2013. A
random forest classifier is at the heart of the PaPrBaG classifier that can predict
novel bacterial pathogens from next generation sequencing data, without relying on
sequence similarity, with 88% to 93% a@my (Deneke, Rentzsch, and Renard
2017a)

1 Gradient Boostd Treedake a similar approach to random forests by averaging over
multiple decision trees whilst introducing stochasticity, but a single decision tree is
incrementally improved instead of building an ensemble in pardiaédmar2001).

In a process called boosting, the ensembles are built by sampling at a fixed interval
from the succession of iteratively improved tre@&riedman2001). In a process
termed gradient descent, the trees are improved by following a negative gradient of
a predefined loss function by tuning parameters of th@ael accordinglf{Mason

et al. 1999. The gradient boosted trees algorithm, in its many highly optimised
implementations, is very popular today. For example, Light@Bdét al.2017) was

used to predict antimicrobial resistance profiles directly from the mass spectra of
clinical isolategWeiset al. 2022. Machine learningan bean important tool in the

fight agains antimicrobial resistance, due to being able to predict resistance from

genetic data among other functiorfdnahtar, Yang, and Kanjiz021).
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1 Artificial Neural Networksare inspired by the human brain and composed of
multiple layers of computational units emulating neurdiropfield1982). Artificial
neural networks come in a variety of vastly different architecturavith all
architectures containing one or more input layers that read in the independent
variables and one or more output layers that generate the dependent variable with
GKARRSY¢ fF@SNR Ay qHpfigld1989. EveyyLiddiiiidud y R
neuron contains a mathematical transformation of its input variablesiclwvhs
commonly nonrlinear (Sheehan and Sor2&§16). There are no connections between
nodes within a layer, but nodes between layers are connected doottput from
one layer is used as input to the nef@heehan and Song016). Independent
variables thus undergo multiple successive transformationsl uetaching the
output layer which results in the largest information processing capacity of all
machine learner¢Sheehan and SorD16). There are a variety of transformation
functions, network architectures, regularisation techniques, output and input layers,
loss functions and optimisation techniques to choose from. In their wide variety,
artificial neural networks have shown the abjltb approximate myriads of different
data structures(Y. Liet al. 2019, especially in deep learning where many hidden
layers are usedSejnowskR018. However, due to the immense complexities that
neural networks reach in order to approximate increasingly complex natural
phenomena, they have often drawcriticism for their lack of interpretability.
Despite obscuring the decision making process, deep learning can be very useful for
infectious disease research, especially due its superior ability to accurately classify

image data compared to other machitearning algorithmgAffonsoet al. 2017).
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Zhanet al. (2021) demonstrates this by using 3,463 computer tomography images
to distinguish between four different pulmonary infectious diseases with a median

area under the receiveoperator curve 00.99.

The list of machine learning algorithpsesented here is not complete as the repertoire
of algorithms is constantly growing due to the speed of technological progress within

the field.

1.5.2 Algorithm Training

To fit and evaluate these genefailirpose algorithms to the information at hand, the
data 5 usually split across a training set and test set. The training set is used to adjust
the parameters of the chosen algorithm. The test set is used to measure predictive
performance on novel unseen data, also known as the generalisation ability of the
algaithm. Minimising the generalisation error is the purpose of training machine
learning algorithms Generalisationis also known as oubf-sample prediction as
opposed to withinsample prediction which is measured on the training set. Most
machine éarning algorithms have hypgarameters that control the learning process,
which require adjusting before training. To avoid stratifying the training data further, k
fold cross validatiorfStonel974) can be used for hypgvarameter tuning. Herein, the
training data is split into k groups, with k usually being set to 5 or 10. Each of the k groups
is used for testing the performance given the hyparameter value of interest used in

a model trained orthe remaining KL groups. The average of the k performance scorers
summarises the suitability of the hyperparameter value for the prediction task at hand
and the process is repeated for multiple possible values. As statistical inference

estimates parametes directly from the data, all data can be directly used for fitting
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without the need for partitioning further. Having found suitable values for the hyper
parameters that control the algorithms learning ability, machine learning practitioners

can commencelte training of the algorithm.

During training, independent variables and their respective dependent variables are
used to adjust parameters of the genegairpose function. By providing labelled data

as input, the algorithm is trained to predict a depenteariable from the independent
variables, so that the observed relationship between known dependent variable and
independent variables is preserved. The difference between predicted and observed
output is quantified by a loss function, that is chosen adtw to the type of the
dependent variable. There are many types of loss funct@nssentropy, for example,

may be used for factors with multiple levels, dod losdor binary dependent variables

(Q. Wang et al. 2022By minimising loss using data to tune parameters of the model it
Gf SFNYya¢ GKS dzy RSNI & Ay BBzdékAKezpvBngki, add AlimSnNJ/ a
2017). If the dependent variable is continuous, the problem at hand is considered a
regression task, whereas functions with discrete output variables are considered
classification tasks. In classification settings, the different levels of the dependent
variables are considered classes. The knowledge about patterns within the data
contained in the trained algorithms is then used to generalise beyond the training data
to predict dependent variables from previously unseen independent varigBedok,
Krzywinski, and AltmaB017). Toestimate the generalisation ability of the algorithm

beyond data seen in training, the test set is used.
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1.5.3 Algorithm Testing

In testing a classification algorithm, multiple different performance metrics can be
chosen based on the concepts of true positiaesl false positives which statistical
hypothesis testing also uses. Depending on which type of error is considered most costly
for the prediction at hand, a range of different scorers are available which are depicted
in Figure1-3 alongside the general machine learning workflow. Testing a regression
machine learner is based on quantifying the difference between the predicted and
observed dependent vardes. For example, the mean of the average squared distances
between predicted and observed dependent variables can be used, which is known as
the mean squared error. After assuring adequate performance of the machine learner
on the test set, the algorithns finalised for the application on real world problems by

re-training using both test and training set.
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Tempted by the demonstrated success for understanding infectious disease, machine
learning practitioners must be mindful of multiple pitfalls arising due to insufficient or
erroneous traing. A first hurdle to overcome is underfitting where the model does not
grow to sufficient complexity to adequately capture the relationship between the
independent and dependent variables. Different model choice or more training data can
effectively comlat underfitting and rescue generalisation performance. The opposite
LIN2POESY Aa 20SNFAGOAYT Fa || gARSMBMIMBI R NE:
1966). Given enough variables, a model can grow so complex that alongside genuine
data patterns it can also leartihhe stochastic noise inherent in any sampig&zdok,
Krzywinski, and Altma2017). Whereas performance on training data is high, it is
diminished in the presence of unseen data that is subject to different random
measurement fluctuations, meaning the generalisation ability of the algorithm is low.
Limiting the complexity of the algohin through regularisation, or providing more
training data can ameliorate the effects of overfittiiBzdok, Krzywinski, and Altman
2017). Complex algorithms with a high capacity, like artificial neural networks, are more
prone to overfitting, whereas simple learners like naive Bayesian classifiers are more
likely to underfit(Bashiret al. 2020). Lack of sufficient training data can also be limiting
when the model encounters patterns not seen in trainingo@e Flu trends for example
missed the first 2009 wave of the A/H1N1 influenza entirely and overstated the risk from
A/H3N2 in the 2012/2013 flu seasd@®Isonet al. 2013. Changes in internet search
behaviour due to the reporting of the epidemic and difference in seasonality,
geographical heterogeneity and age distribution have all been proposed as aauses

26



Introduction

The Algorithmic Modelling Approach: Prediction Through Machine Learning

failure (Olsonet al. 2013. Underfitting, overfitting and insufficient training can all be
fixed within the framework of algorithmic modelling by adjusting the model hyper
parameters in crossalidation to control learning or by providing more training data.
However, there are further problems that are the consequence of the central dogma of
algorithmicmodelling and difficult to circumvent whilst adhering to its doctrine.

154 all OKAYS [SINYyAy3IQad .fAYyR { LRI

In algorithmic modelling the data generating process which creates dependent variables
from independent variables is treated as a black (Breiman20019. Machine learning
attempts to mirra nature by recapitulating the empirical structure within the data,
including the patterns of coccurrence between variables. There are many models that
can achieve this and in any given scenario, some models are likely to achieve better
predictive perfomance than others. With the evéncreasing wealth of data, an
increasing number of empirical patterns can be accurately modéllailico With few
assumptions about the data being made, the absence of knowledge about the
underlying mechanisms is not ressarily prohibitive. Being liberated from formulating

an underlying scientific proceskiven model in machine learning can be considered a
strength, since with minimal adjustments the same methodology can be applied to a

wide array of problem¢D6rea and Revigz021).

In contrast to preformulated hypothesigiriven testing of association used in statistical
inference, anRSI+ SELIX 2NBR 1 GSNE YIOKAYS fSINYAY
ISYSNIGAY3I YIFIOKAYySe oe |ftft26Ay3a EKhosy RIF G
and loannidi2014). The ability to uncover relationships between variables connects

machine learning to inference and attempts to draw inference from machine learning
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are commonplace. Machine learning practitioners often rely on relative feature
importance, which measuresheé relative contributions of each variable to the
prediction proces¢Holz and LoewW994). Relative feature importance is a-pyoduct of
training and can be implemented in many machine learning algoritftfo&z and Loew
1994). However, since the focus of algorithmic modelling is likening a predicted output
to an observed output, the nature of the underlg associations is not the quantity
optimised by the algorithm(Bzdok, Krzywinski, and Altm&017). As long as
relationship can be leveraged to predict dependent from independent variables,
differentiating between predictions driven by correlation versus causation is not of
foremost concern in the goals of algorithmic modelling as long as the generalisation
abilty is not diminished(Hoffman and Podgursk?013. The emerging field of
AYGSNLINBGFOoES YIFIOKAYS fSFEFNYyAy3a GNRSa G2 |
insight into decision making beyond relative tig@ importance(Molnar2020. Within
interpretable machine learning there is a differentiation between intrinsic
interpretability, where algorithms are constructed with transparency in mind, and-post
hoc interpretability, where subsequent analysis generates insight into a predictor
(Molnar2020). Both are conerned with describing the relationships between variables,
but the distinction between causal and n@ausal associations is currently outside the

grasp of the fieldMurdochet al.2019).

Knowing whether a change in on@anable causes the change in another is often
important for infectious disease research when trying to combat infections by designing
interventions(Wiemken and Kelle2020. As diseases are the result of complex causal

chaing(Kraemeret al.2001), understanding the relative effect of independent variables
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is encumbered by confounders with the dependent varigldkelly, Dettori, and Brodt
2012. Whereasknown confounders are often explicitiyhought of in statistical
frameworks, it is difficult to controldr confounders in machine learning settings
(Ferrari, Retico, and Bac@020. Although it is true that machine learning can readily
generate hypotheses, it does not typically focus on testing those hypotheses. Some
practitioners of machine learning view the field as encompassing classical and Bayesian
statistical approaches, and such approaches can certainly be used for prediction.
However, | distinguish them as being fundamentally focused on the process of
inference, including parameter estimation in the presence of confounding and formal

hypothesigesting.

1.6 The Data Modelling Approach: Statistical Inference
1.6.1 Overview statistical inference

LY . NBAYIFIYyQa RAOK2G2Yeésx RFGF Y2RStfAy3
where the sample is used to elucidate the data generating process and thgeeby
domainspecific insights through the application of probability thed@asella and
Berger2021). Here, the dependent vables are treated as realised values of a random
variable for which a model is constructed. Models can generally be divided into
parametric and nofparametric. Parametric models make explicit assumptions about an
underlying probability distribution, likassuming Gaussian or Poisson distributions, as
that allows for convenient summary in a fixed set of parame{€asella and Berger
2021). Nonparametric and semparametric models are based on the notion that the
data generating process cannot be readily defined in full. They are often more
complicated and may suffer a deficit in statistical power as a t@ffiéor making fewer

assumptiongCasella and Berg@021). There is a plethora of both parametric and ron
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parametric statistical models t@hoose from based upon the data at hand and
information about the mechanism to describe. However, in the context of data

modelling, parametric models play a leading role.

An important factor is the form of the dependent variables. For instance, logistic
regressions are used for binary outcomes and ordinary regressions are typically applied
to continuous outputgPohlman and Leitne2003. In a process akin to minimising a
loss in mahine learning, the data are used to estimate the parameters of the model in
order to optimise a quantifiable goal, usually the likelihood of the data given the
probability model(Casella and Berg@021). The aim of statistical inference is to gain
insight into the data generating process that produces the observed data. Investigating
the relationships between variables lies betheart of statistical inference, however in
many situations statistics can never outright prove causality, particularly in analysing
observational, as opposed to experimental, dgfearl 2009. Instead, inferene

concentrates on:

1 Parameter estimationwhich can be expressed as a point estimate, or an interval
estimate for a parameter of the model. Parameters are components of the data
generating process, which are estimated from the data. For example, estimhéng t
coefficients of a regression can provide information of the magnitude and direction
of the influence of an independent variable on the dependent variable.

1 Rejection of a hypothesishrough hypothesis testing. The fit of a mathematically
formalised modebf the data generating process, often framed as a pair of null and
alternative hypotheses that differ in terms of their parameters, can thus be

evaluated against the data. For example, rejecting the null hypothesis that a
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regression coefficient is zeroditates an association between the independent

variable and the dependent variable.

In practical terms, establishing the existence, magnitude and direction of an association
between individual independent variables and dependent variables allows for the
design of interventions aimed at alleviating the burden of infecti(Bmdok, Engemann,

and Thirion2020). The gatistical toolkit offers multiple different methods to perform
parameter estimation or hypothesis testing, depending on the focus of the analysis;
often both are pursued simultaneousihiyy aim in the following is not to give a
comprehensive summary @il possible approaches to statistical inference, but rather

to give an overview of commonly used methods in infectious disease.

1.6.2 Parameter estimation
1.6.2.1 Point estimates

Irrespective of the underlying data generating process in nature, all but the simplest of
models require the estimation of parameters to adjust the model to fit the observed
data (Beck and Arnold977). Depending upon the choice of model there are a varying
number of parameters to be estimated; simple linear regressions for example are fully
described by estimating the coefficient, intercept, and variancke Tegression
coefficient of the independent variable is an estimate of the size and direction of its
effect on the dependent variable, and thus quantifies their relationship. The ambition
of parameter estimation is to arrive at methods that have maximunsestency and
minimal bias(Levy2012. Consistency implies that the estimate is guaranteed to
converge to the true underlying parametas the amount of data increases, assuming

(usually wrongly) that the model is strictly treevy2012). The bias describes the
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difference between expected value of the estimator across indefinitely many
AYRSLISYRSY(d RIGFaStGa FyR GKS d&idNUz8évy LI NI Y
2012. There are several different statistical paradigms and associated estimators under

which parameters can be estimated. To name a few:

1 Method of momentsuses momentg low-dimensional summaries of the datao
calculate point estimates of the parametgisall2004. Moments are mathematical
properties of aprobability distribution, e.g. the first moment is the expected value
(mean) and the second moment is the variance. In the method of moments, the
model is used to express population moments as functions of the parameters to be
estimated. These are set eglio the observed sample moments, and the equations
solved for the parameters of interegHall 2004). One use case for estimating
parameters, is the ordinary least squares method to estimate the coefficients and
intercept of a linear regression model. By using the least squares method, the model
parameters are chosen to minimise the sum of the squarsittels. Residuals are
the differences between the observed dependent variable and the dependent
variable predicted by the regression from the independent varialji®os and
Stefanski 2013)Using the method of moments, the parameters can be solved for
analytially and calculated using sample data in order to arrive at a point estimate
for the regression coefficients and intercept parameters.

1 Maximum Likelihoodprovides point estimates for parameters of a probabilistic
model by maximising a likelihood functiosp that the estimated parameters are
those that make the observed data most probal@am1990. The likelihood is

defined as proportional to the probability of the data conditional on the model and
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parameters(Cam1990). In practice it is equivalent, and often more convenient, to
optimisethe parameters with respect to the logarithm of the likeliho@hm1990).

In an ordinary linear regression, least squares can also be framed agi@una
likelihood routine. Logistic regression is fitted by maximum likelin®@dght1995),
through a numerich optimisation technique(Zou et al. 2019. The regression
coefficierts of logistic regression can be used in infectious disease for identifying risk
factors for disease occurrence, mortality and hospitalisafidtoltzfus2011). Both
maximum likelihood and least squares are optimisation algorithms grounded in
frequentist inference. Frequentist nference techniques are motivated by
theoretical guarantees that apply if an identical data generating process could be
observed independently many times. In contrast, Bayesian inference techniques are
optimal with respect to the observed data in conjulcti with prespecified
probability distributions capturing prior beliefs regarding the model and its
parameters(Wagenmakergt al. 2008).

1 Bayesian approachesbtain point estimates for parameters by updating a prior
belief about the parameter using the likelihood calculated from the sample data to
produce a posterior beligiVagenmé&erset al.2008). Both priors and posteriors are
expressed as probability distributions across all possible parameter values.
Maximum a posteriori (MAP) estimates find the parameters tbptimise the
posterior possibility distribution, akin to maximum likelihood. The main difference
is the likelihood is modified by prior beliefs. Prior distributions must therefore be
OF NEFdzf f & aSt SOGSR® Ly wW2o02SOphosdha@ . | &8S3

reflect existing knowledge about the paramete(Robert 2007). When little

33



Introduction

The Data Modelling Approach: Statistical Inference

information is available, or its use deemed undesirable, an alternative objective
I LILINEF OK Aa (2 &aLISOATFe WO 3dzSancexabautWdzy A y 1
the parametergRobert2007). In subjective Bayesian approaches, one instead tries

G2 OFLIWdz2NE 2ySQa 26y LISNE2YlIf o06StASTFa |
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data. Regardless, the aim is to arrive at a joint posterior probability distribution over
the parameters. This can prexcomputationally intractable depending upon model
choice and the number of parameters contained, necessitating approximate
numerical approaches. The Markov Chain Monte Carlo (MCMC) methods are
popular strategy for obtaining approximate samples from plesterior distribution
(Gilks, Richardson, and Spiegelhalt®®5. MCMdteratively explores the posterior
RAAGNAROdzGAZ2Y o0& LISNF2NXYAY3I | aNIXyYyR2Y gl f
are successively drawn from a proposal distribution and accepted or rejected
depending how much they improve the posterior distributi@@ilks, Richardson,
and Spiegelhalte1995. The posterior distribution is appximated by suksampling

the chain at fixed intervals after discarding a fixed number of steps asib(@ilks,
Richardson, and $ggelhalter1995. From the approximated posterior distribution,

a point estimate can be derived by several methods like posterior mean or median.

The parameters of most models can be defined wdifierent estimators and under

varying statistical doctrines. Logistic regressions used here as an example for maximum
likelihood can also be fitted in a Bayesian framework Q. NRA Sy ROO&R 5 dzy a2
Further evading categorisation, regressions and their parameter optimisation are often
restated as machine learning problems. Here, some parameters are typically estimated

through crossvalidationto minimise a loss chosen according to the dependent variable
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(T. Hastie, Tibshirani, and Friedman 2008)e implementation of classical statistical
tools such as logistic regression and ridge regression in machine learning blurs the
dividing line between both disciplines. The craser of machine learningnd statistical
methods is unsurprising given that both aim to optimise parameters to fit a function to
observed data. However, the goals of inference versus prediction may diverge beyond
parameter optimisation. When machine learning has the stated goptefiction, the

point estimate of the parameter achieving optimal performance is typically sufficient
for analysis. Whereas for statistical inference aimed at elucidating the underlying data
generating process, quantifying the uncertainty of the estimaiesof paramount

importance.

1.6.2.2 Interval estimates

Point estimates for parameters may provide a concise summary of the model, but
reliance on single numbers for describing data generating processes obfuscates their
fundamental uncertaintyDemortier2013. Defining parameter ranges to contain all
estimates reaching some level of p#bility is a more faithful representation of
inference concerning an unknowable process through random sartigiagnan1937).

As in point estimation, there are several methods to calculate parameter intervals that

quantify uncertainty:

1 Standard errorsof a parameter estimate are equal to the standard deviation of its
sampling distribution, a frequentist concept corresponding to the probability
distribution of the estimate if the data generating process could be observed
independently many times. The sating distribution can be calculated theoretically

in simple models, otherwise it must be estimatédltman and Bland®005. An
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unknown standard error can be obtained by repeating parameter estimation for
randomly resampled draws of the data, with replacement, in a process called
bootstrapping(Efron and Tibshirardi994). Intuitively, our confidence in estimating
a population parameter icreases the bigger our sample is, which is reflected in a
decreasing standard error with increasing data quar(itman and Bland 2005)

 Confidence intervalsRSFTFAY S | NI y3aS 2F LI NFYSGSNI Sa
population parameter lies with a quaified level of confidence, most commonly
95% (Campbell and Swinsco009. This is a frequentist concept, in which the
distribution is constructed with respect to independent observations of the same
datagenerating process. When faced with known population sampling distributions
confidence intervals can be calculated directly. If the dependent variable is the result
of a Gaussian distribution for example, the 95% confidence interval is the range of
196 standard errors above and below the point estimate. If the sampling
distribution is unknown, bootstrapping can again be used. Confidence intervals are
then achieved by defining a range of values that contains 95% of the parameter
estimated from resamplin¢DiCiccio and Efrob996). There are several alternatives
to bootstrapping which require additional assumptions regarding the sampling
distribution of the estimate, but can be more robygtuth, Neuh&auser, and Ruxton
2015. Similar to the stanakd error, the width of the interval decreases with
increasing data, assuming the variability does not incréeisera2017).

1 Credible intervalsare the Bayesian counterpart to confidence intervals, giving a
range of values whein the true population estimate falls within a level of

confidence(Eberly and Casall003. Credible intervalsummariseuncertainty in
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the posterior distribution: any parameter range that contains the required posterior
probability is valid(Makowski, BerShachar, and Ludeck#19. There are two
common methods ofiefining credible intervals from the posterior. For unimodal
posteriors, the highest posterior density interval chooses the narrowest interval
which contains the required mag®emortier 2013. The equal tailed interval
chooses a range so that there is identical probability mass below and above the
interval (Demortier2013. As stated above, it can be computationally infeasible to
evaluate the posteriofor all possible parameter values with naaro probability in

the prior. Credible intervals are readily obtained using Monte Carlo sampling

methods such as MCMCiu, Nordman, and Meek&016).

Parameter estimation describes systems empirically, by finding the most likely
parameters of an underlying data generating process and quantifying the reliability of
the estimates, whilst capturing the relationship between independent variables and
dependent variables. Testing whether the estimated parameters are different from
some prespecified values, acting as a null hypothesis, is a closely connected technique

for statistical inference, achieved through hypothesis tes{igch1999).

1.6.3 Hypothesis testing

Using knowledge to verify (or at least falsify) a theory through observation is central to
the scientific endeavour and can be mathematically formulated as hypothesis testing
(Guyattet al. 1995). Theories formulated mathematically as hypotheses cannot be
outright proven through empiricism, but statements of whether the data at hand rejects
a givenhypothesis can be madéhi and Ta®008. Hypothesis dsting requires a

definition of the null hypothesis is to be tested, alongside an alternative hypothesis
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which is favoured upon rejection of the n@uyattet al. 1999. In the null hypothesis

we condense our knowledge about the data generating process into a model and use
the data to test whethethe evidence supports this model. The null hypothesis usually
states that no significant statistical relationship exists between a given independent and
dependent variable, while its rejection indicates the existence of an association

researchers are tyipally interested to discovdiHaldar2018).

There are two maimerrors that need to be controlled whilst testing hypotheses. A Type

| error is the erroneous rejection of a genuinely true null hypothesis: a false positive. A

Type Il error is the failure to reject a false null hypothesis: a false negative. There is a
trade-off between controlling false positives versus negatives. The typical view holds

that false positives are more damaging than false negatives in the scientific process,
perhaps because it is better not to take a step forward than to take a step backevard,

perhaps because the process would otherwise be engulfed by noise.

In the frequentist approach, an acceptable type | error rate isgatermined(Banerjee
et al. 2009. The frequentist errorate is predominately dehed conditional on the
truth: the number of type | errors (false positive rate) is therefore quantified relative to
the number of genuinely true hypotheses. (In contrast, one could condition on the
inference: the false discovery rate (FDR) is the numlbeéyme | errors relative to the

number of rejected null hypotheses.)

Commonly, frequentist hypothesis tests are performed subject to a type | error rate of
0.05, also called alpha level or significance threshold, so that the null hypothesis is
mistakenly ejected in no more than 5% of the tesfGuyattet al. 1995. If the test

successfully rejects the null hypothesis at the defined alpha level, the association is
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considered significan{Guyatt et al. 1995. With an increasing number of tests
performed, the threshold can be adjusted to be more stringent using multiple testing
correction mettods like Bonferron{Bonferroni1936). In the case of GWAS examining
multiple million individual mutations, an uncorrected error rate would lead to
thousands of mutations faely declared to be associated with disease, even if the null
hypothesis was true. This would have catastrophic effects for downstream processes

like drug and treatment desigfiKaler and Purcef019.

Similar to the conditioning of an analysis on a type | error, the desired type Il error rate
can also be preletermined in some settings, notabin the design of experiments. In
clinical trials it is therefore common to pspecify both the false positive rate and the
power (also known as recall or sensitivity, $égurel1-3) in order to determine the
sample size (Lenth 2007). A power level of 0.8 is often chosen, from which the sample
size required to detect a true effect from the sample can be calculated. Power
calculations offer a benefit over machine learning, where incefiit data is also
detrimental, but sufficiency can only be empirically defined after parameter estimation.
Conditioning the analysis on specific type | and type Il thresholds offers further benefits
in statistical inference compared to machine learniRglse positive and false negative
rates can be prelefined, and the parameter of the model can be estimated accordingly
(Banerjeeet al. 2009. In machine learning a threshold is defined either empirically or

by optimisng for a performance metric of choice after parameter estimation.

There are multiple methods of Bayesian and frequentist hypothesis testing with
different approaches to determine significance thresholds while controlling type | and I
errors:
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1 A common exaple ofFrequentisthypothesis testing is the likelihoadtio test that
uses a maximum likelihood approach of finding which parameters best describe the
data (Birkes2005. The likelihood ratio test can only compdreo nested models,
where one hypothesis is a special case of the other, for example having one or more
regression coefficients constrained to be 0 in the null hypothesis but not in the
alternative hypothesigAllen1997).

 Thetestquantifiestt RAFFSNBYOSTFRTF¢ aAP2RY BB aY2RSTE a
the likelihood of the sample data given the two hypothegB&rkes2005. The
difference is quantified by the test statistic, which is the log ratiohef likelihoods
under the null versus alternative hypothesé¢Birkes2009® &9 EGNBYSy S&a
measured in terms of the test statistic, which allows for the definition ofvalpe
denoting the probability of observindgta at least as extreme as the data observed
if the null hypothesis were truéBirkes2005). If the pvalue is smaller the pre
defined type | error, the null hypothesis is rejected in favour of the alternative
hypothesis (Woolf 1957). The inability to test two competing nemested
hypotheses is a limitation of likelihood ratio tests, which is not sharedayg®an
hypothesis testingPesararl990).

1 In Bayesianhypothesis testing, two competing hypotheses are compared via the
Bayes factor: the ratio of likelihoods under the null versus alternative hypotheses,
akin to the frequentist likelihood ratio. The first difference relates to the handling of
unknown parameters. In the Bayes factor, unknown parameters are averaged over
by integrating with respect to their prior distributions (rather than plugging in the

maximum likelihood estimategBaig2020. The second difference relates to the
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choice of threshold. The Bayes factor can be interpreted in terms of odds where a
vaue of 3 indicates the data supports model in the numerator three times more
than the model in the denominatofHoijtink et al. 2019. While the Bayes factor
quantifies the support of the data for one model over the other, it cannot prove
either of them to be carect (Hoijtink et al. 2019. A threshold is typically pre
specified in terms of a large odds ratio (e.g. 20:1), directly, or via the posterior odds
ratio which factors in the prior model odds. Unlike its frequentist analogue, the
Bayes factor can be used to comeathe support of the data for any two

hypotheses, nested or not.

Hypothesis testing complements parameter estimation with its ability to test for
associations between independent and dependent variables, which is invaluable for
infectious disease researchihe effect of medication, lifestyle or comorbidities on the
risk of infection can readily be inferred within the hypothesis testing framework

through, for example, risk factor analy¢isckhardet al. 2020).

As statistical models can uncover the association of independent values through
inference, it would seem natural to assume inference can discover good predictors.
However, this has not been observed in studies testing for significance, as has been
shown in GWA®Jakobsdottiret al. 2009 Clayton2009 Janssens and van Duijn 2008)
the reason for which also lies at the heart of the prediction and inference dichotomy:
confounders. As confounding variables influence both independent and rikspe:
variables, a noftausal association between independent variables and the dependent
variable is created. The relationship is Atausal as a change in the observed

independent variable would not necessarily lead to a change in the dependent variable.
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A change in the confounding variable however, would lead to changes in both the
associated independent variable and the dependent variable. Statistical inference is
concerned with gaining insight of an unknowable population through a sample.
Therefore, wongly assuming associations caused by interactions with variables outside
the sample to be causal, is an egregious mistake in statistical infe{&@reenland,
Pearl, and Robink999. This can be addressed in the statistical framework by using one
of multiple methods designed explicitly for controlling confoundgsee Brenner and
Blettner 1997, for exampl¢. When the goal is to predict dependent variables from
independent variables in machine learning, we are not interested in discovering the
nature of the relationship so long as we can reliably predict outcomes beyond training
data. To illustrate, in the ference setting of GWAS, researchers aim to discover
mutations that are causal for a disease to aid drug development among other goals.
Discovering genetic confounders, such as markers of ethnicity which might indicate an
infection being spread in a spdcifcommunity, would not be helpful for drug
development(Hu and Zi2008. In a genetic machine learning setting, where we are
trying to assign disease presence or absemomfgenomes, markers of ethnicity can
improve the accuracy of the prediction if the disease is more prevalent in some ethnic
groups. When controlling confounders, focussing only on significant interactions can
decrease the predictive information contained all possible interactions between
independent and dependent variables. It seemsthetr@dd€ ¥ RSaONAOSR o6&
f dzy OK (GKS2NBY¢ [|3AFAYy K2fRa GNHzSY YSiK2RA

proficient in uncovering predictors.
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1.7 Statistics VersuMachine learning: Right Tool for The Right Job

As demonstrated above machine learning and statistical inference serve different
purposes, resulting in different constrains on analysis which manifest in differing
toolkits. Statistical inferencturther divides into frequentist and Bayesian frameworks,
bringing further divide upon how to best gain knowledge from the data at hand. Some
methods, however, are motivated on frequentist and Bayesian grounds whilst also
being used in machine learning,asting how the distinctionsdescribed above can be
blurred. Ridge frequentist regression is one example which estimates parameters of
multiple regression model@Mallick and YR013). Ridge regression combats problems
including ovetparameterisation and multicollinearity by introducing a shrinkage
parameter for regularisatioffHoerl and Kennard970. The shrinkage parameter can

be estimated in a frequentist or Bayesian manner, or via empirical cross validation as a
machine learner(Mallick and Yi2013. Tre individual regression coefficients are
estimated essentially via a prior distribution specified by the shrinkage parameter,
which is known as a random effects model in the frequentist framework. The shrinkage
offered by ridge regression is particulanggortant for big data settings with myriads

of correlated independent variables, such as when using genetic data. GWAS
determines the effect of single nucleotide polymorphism (SNPs) as independent
variables with a phenotype of interest as a dependent \deasuch asCOVIBL9
severity (The SevereCOVIBL9-19 GWAS Group 2020Modern GWAS approaches
typically estimate regression coefficients for every SNP; with two human genomes
typically differing in 4 to 5 million siteAuton et al. 2015 and studies rapidly

approaching the 1 millioparticipantmark (Hautatkangaset al. 2022). Ridge regression
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serves as a null model for GWAS, used as a baseline to test against the unconstrained
association of individual SNPs with the phenotype, over and aba/@fluence of the
regularisation constraints imposed by the ridge regres$ibrhanget al. 2021). This is
known as a linear mixed model (LMM). If the difference in model performance between
null model and the model with the addition of a single SNP with unconstrainedt effe
size is significant, then an association is infer(@gpasani2016. The parameter
estimate of the regression coefficient gives the directionality and magnitude of effect of
the mutation (de Vlaming and Groene2015), while the underlying ridge regression
serves as a method of controlling confounders, both genetic anegaemetic(A. L. Price

et al. 2010) In the machine learning framework ridge regression is used for prediction
where the regularisation is introduced to prevent oMéating (Rhys2020), to select
input features(Shichao Zhang et al. 2018y to adjust output weights in artificial neural
networks(G. Li and Ni2013. Ridge regression demonstrates how the same tool can

be used for varying means vistialso adhering to different philosophies.

Even iusedunder multiple doctrines, generating insight in the big data era of infectious
disease has not been accomplished by a singular tool or single collection of related
methods. With the apparent perforamce tradeoff between prediction and inference
being expressed in differences in methodology, big data analysis requires the right tool
for the right job. Both prediction, e.g. mortality prediction, and inference, e.g. risk factor
analysis, are importarfor understanding infections, leading to an abundance of varying
methods deployed in the fieldMy motivation in the following was not to explore all
applications of a single approach, but to use methods taken from both machine learning

and statisticgo tackle current problems in infection using big data:
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1 As @ampylobacteriosiss the mostprevalent foodborne diseaseattributing the source
of infection is an importantool in combattingoutbreaks andthe administration of
public healthinterventions. Currently the most prevalent sa@erattribution technique
does not reflect thestate-of-the-art data types that are available the age of next
generation sequencingincludingmore complete captures of the bacterial genome
could improveaccuracy andwould enable the assignment afources toindividual
isolates, which is currently impossiblély aim in Chapter 2is to addressthis
shortcoming byreframingsource attribution as a machine learnipgediction task |
apply gradient boosted trees to attribute the source of Campylobacteriosis infections in
humans based on genetic differentiation between reservoir populatibreport a 33%
increase of accuracy over the currenthost widely used attribution techniquesnd
enable prediction of source for individual samplekich showed a change in host
affinity in one of the most prevalent lineages in human infection

91 AlthoughC. jejunis the most commo cause of gastroenteritis, the understanding of its
pathogenicity lack behind less prevalent microbes likscherichia colilnferring
knowledge aboutthe different routes of infection from varying niches is further
hindered byindividual attributionof human samples being impossible Chapter 3l
usethe source attribution | developetb fill the knowledge gap by using the prediction
as starting points for statistical inferencé.use aGWAS to identify genetic variation
that differentiatesCampylobacter jejumgolates from different host species using whole
genome sequences$show that pathways involved in surviving the microenvironments
of poultry production and intestine to be sigicantly associated with host specificity.

1 With the instantaneousurgent demai of COVIEL9 related insight, multiple studies

have successfully leveraged the data contained in large-ouedited databases to
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perform risk factor analysis for diseaseverity However, as complex diseases like
COVIEL9 are the result of intricate anditeracting pathwaysthe risk factor discovery

is heavily influenced by the prior choice which variables to include. As there is
currently no principled wayor agnosticrisk factor predictionl aim to provide oe
alongside a prediction of COVID severity riskin Chapter 4 which considers both
prediction and inference problems. Using gradient boosted trgagdict susceptibility

to SARE0V-2 and the risk of different disease outcomes based on UK Biobank data. To
subsequently assess risk factotsuse Bayesian point estimation to fit a logistic
regression to a vast array of available measurements contained in the UK Bidtsank.
machine €arning is a convenient tool for analysdsge heterogereous datasets, it is
sometimes also used tmterrogate risk factors which isproblematicas it does not
address confoundersTo show the shortcomings of this approathpmpare different
measures of feature importance in machine learning to the posterior inclusion
probability of the Bayesian analysidy comparisons show that importance assigned to
individual variables bylgorithms optimised for prediction, differs from the relative
importance estimated by Bayesian inferenddy findings further show that socio
demographic factors and descriptors of ill health are important for disease outcome

alongside history of pridung injury.

Apart from the domain specific knowledge generatediywork, | explore how to leverage

the respective strengths of machine learning and statistical inference and how they can be
complementary. Despite their differingotivations and data philosophies, the synthesis of
machine learning and statistics holds tremendous power at the dawn of the big data era in

infectious disease.
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Overview
Campylobacter jejunh & G KS YIFAY FFSGA2t23A0Ft | 3ASyi

foodborne illness, Campylobacteriosis. As there is a broad spectrum of origins of
infections ranging from contaminated meat and poultry to drinking water, the designing

of interventions hinges omccurate source attribution. The varying host affinities of
different strains and their genetic manifestations can be leveraged for source
determination through multiocus sequence typing (MLST) schemes. Human isolates of
Campylobacteriosis cases can shine assigned sources based on the allelic variation
observed in the source samples. The limited genetic capture of the seven MLST genes
has bounded the maximum achievable accuracy of the probabilistic methods based on
the sequencing scheme invented in ttede 90s.My work broadens the spectrum of
possible inputs to include core genome MLST (cgMLST) and whole genome sequences
(WGS), whilst also improving the maximum achievable accuracy by 33% with the best
performing classifier amongst multiple machitearning algorithmsl trained. The
previously most frequently used iSource method resulted in an attribution accuracy of
64%, whereas on the same ddkee top performing machine learner achieved 71%. The
cgMLST resulted in 85%, and the WGS appress 78% accurate. Predicted sources
show the unique ability of chicken niche specialists to infect humans, whereas
generalists from other sources are the major contributors to human disease. To leverage
the increased accuracy for furthering the underdarg of Campylobacteriosis, a
Bayesian inference algorithm was used to investigate the relative infectivity jgjuni
strains within SR1. Alongside changes in transmissibility to humamdso identified

differences in host affinities within thelosely related isolates. By providing an etsy
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use classifier that can attribute individual isolates with high generalisability and low
computational requirements offer a scalable approach to the global surveillance of
Campylobacteriosis, which can be readily improved when given new data.

2.1 Introduction

Gastroenteritis is responsible for an estimated nine million cases in the European Union
annually and is caused primarily by the bactei@ampylobacter jejuniand
Campylobater coli.6 W¢ KS 9 dzNRB LIS y 201§% 23y ZhaySSa20163 LIAINKG Q
Kaakouslet al.2015) Campylobactebacteria are zoonotic microbes commonly found

in the gut of birds and other animal species as a commei®atppard et al. 2011a;
Sheppard, Colles, et al. 201a)t can cause serious infections when transmitted to
humans. Campylobacteriosis is commonly accompanied by symptoms including nausea,
fever, abdominal pain, and severe diarrhoea, with a low chance of causing debilitating,
and sometimes fatal, sequelg®&lachamkin, Allos, and H®98 Nielsenet al. 2010).
Sources of infection can be animal faeces, contaminated drinking water and, most
frequently, raw or undexcooked poultry and chicken or sheep mdaltekruseet al.

1999. Administeringeffective interventions requires detailed understanding of the

relative contribution of different sources to human infection.

As is common in bacteri@ampylobactepopulations consist of diverse assemblages of
strains(Shepparcet al. 20113 Gilbertet al. 2016 Kirket al. 2018; Sheppard, Dallast

al. 2010) Some lineages ithin the structured population exhibit an increased host
affinity towards one or multiple source animals, which can be leveraged for host
attribution (Sheppard et al. 2011a; Sheppard, Colles, et al. 2010a; Ogden et al. 2009)

Comparing the genetic variability of human isolates withjejunisamples from all
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potential reservoir species allows for a probatitissignment of host origin based on

observed similarity.

Past source attribution efforts have determined raw or undercooked chicken meat as
the main contributor to transmission to humafiastitute of Environmental Science and
Research Ltd 2007; Sheppard, Dallas, MacRae, et al. 2008a)development of
targeted intervention was enabled by genetic source attribnt(Nicholset al. 2012,

most notably improved biosecurity measures on chicken farms halving disease

incidence in New Zealand in 20(Bear<t al.2011; Nohraet a. 2020).

The concept of connecting source to sink populations by genetic similarity was used in
the development of methods assigning likely sources of human isolates based on allele
frequencies observed in host reservoif@/ilson et al. 2008a; Sheppard, Dallas, Strachan,
et al. 2009a) The earliest methods are based onlti-locussequencetyping (MLST),

one of the most abundant genotyping data fGr jejuniwhich is still the basis for most
source attributions(Codyet al.2019. MLST captures the genetic variation observed in
seven housekeeping genes that are commonly found in all stflaglen et al. 1998a;
Dingle et al. 2001 5amples are designated as the same sequence type (ST) if all seven
alleles are identical, and as clonal complexes (CC) group if at least five loci are the same.
The combination of observed allele frequencies in animals with genetic groupings
allowed for the probabilistic assignment of the most likely source origin of STs and CCs.
The main models for attribution are the asymmetric island model implemented in
iISource (Wilson et al. 2008a)and the Bayesian population assignment model
STRUCTUREritchard, Stephens, and Donnelly 2000; Sheppard, Datfash&n, et al.
2009a) The application of both approaches has allowed for the determination of the
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relative contributions of several farm and wild animal hosts to human transmission, with
poultry being the foremost source of human gastroenteritis caubgC. jejuniacross
different regions and countrie@Vilson et al. 2008a; Sheppard, Dallas, Strachan, et al.
2009a; Mullner et al. 2009; Boysen et al. 2014; Di Giannatale et al. 2016; Kittl et al.

2013)

There are two coreaveats of using bacterial genetic variation for source attribution.
The first is that attribution ability is limited by the degree of genetic separation recorded
in the underlying data. Genotypes@ jejuncan be restricted to host&Sheppardet al.
20113 Mourkaset al. 2020, allowing for accurate attribution. ddvever host niche
generalists, which have relatively recently switched hosts, also tistppard, Cheng,
Méric, Haan, et al. 2014; Woodcock et al. 2Qhmdering the assignment of a definite
source(Dearlove et al. 2016alost switching blurs the genetic separation leveraged by
methods of quantitative attribution resulting in \Wwer accuracy which is difficult to
circumvent. The second caveat of host attribution can be more easily remedied.
Specifically, the current most frequently used source attribution models are limited by
the data type they have been developed for. Being adpct of the state of
technological progress in the late 90s, MLST only captures a miniscule part of the
genome (~ 0.2% iB. jejuniKittl et al. 2013), where modern sequencing technologies
offer far greater potential at differentiating lineages but are currently not used for

source attribution.

In the following,| develop a machine learning approach that leverages current
genotyping echnology by using WGS data for jejunisource attribution of human
isolates. This offers two advantages. Firstly, an agnostic approach to algorithm choice
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where a wide array of generglurpose algorithmsis included. This was proven
successful by W@ESsed machine learning source attribution approacheSatmonella
enterica and Escherichia col{Shaokang Zhang et al. 2019; Lupolova et al. 2017)
Secondly] utilise several different WGS data types to facilitate the analysis of existing
MLST coregenome (cgyILST and WGS datasets and reuse of data for streamlining
genomic disease surveillanckly goal is to overcome existing limitations in source
attribution methodology and demonstrate the ability of the resulting algorithm to

generate insight into the differing infectivity of closely relatédjejuniineages.

2.2 Methods
2.2.1 Dataset Collection and Preparation

A total of 5,798C. jejuniand C. coligenomes isolad from various sources and host

species were available on the public database for molecular typing and microbial
genome diversity: PubMLSAttps://pubmist.org/). WGS data corresponded to MLST ST

and CC designations as well as cgMLST classes. The dataset was divided into training
(75%) and testing (25%) sets using phylogangire sorting, wherein all members of

one ST were sorted entirely into either training testing sets. The ST based sorting
accounts for the phylogenetic neindependence of sampldteeset al.2020. To allow

F2N) AdzZFFAOASY G al YLX S aAl S& LISNI NBASNI2ANJ
prevalent classes for MLST and cgMLST were used (chicken, cattle, sheep, wild bird, and
environment). For farm animalsthecla§ a8 G OKA O1 Sy ¢ I yR aOKA Ol $
O2YO0AYSR (2 AaOKAO|1Syé¢ 6tA1SsAasS F2NJ aKSSLJ
GNADSNI 6 GSNE BHSNBE O2YO0AYSR Ayd2 aSYygdAaNRy

(Sheppard, Dallas, Strachan, et al. 2009a; Thépault et al..2017)
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2.2.2 Feature Engineering

The allelic profiles of MLST and cgMLST were used directly. To exploit the gradient of
separation encoded in the sequences underlying the MLST allelic profiles, allele
sequences of the loci were downloaded and nucleotides encoded as dummy variables
and kmers (k=21) using DSRizk, Lavenier, anchiRhi 2013a) DSK was also used for
encoding the WGS asnkers. Using k=21 led to a prohibitively large input vector due to
the number of unique 4mers found in all genomed.(9,675,17% The number of k

mers was reduced by applying a variance threshdiére kmers that were present or
absent in more than 99% of the samples were discarded, reducing the numbers of
unique kmers t07,285,583 Furthermore, feature selection was performed by testing
the dependence of the source labels on every individualek using the CHsquare
statistic. To avoid dateakage the feature selection was used before data was split into

training and testing to select the 100,008rers with the highest score.

2.2.3 Algorithm Training

All machine learning and deep learning wasfpeaned in Python (for a list of all
algorithms see Figure-B). The XGBoost libray. Cherand Guestrirr016) was used

for the gradient boosting classifiers with all other machine learners implemented in
scikitlearn (Pedregoseet al. 2011). The hypeiparameters for each classifier were
chosen using Cartesian grid search on-fold crossvalidation of the training set. The
Keras library (https://github.com/kerageam/keras) was used to construct deep
learning algorithms aimed at supplyiagwide range of commonly used architectures.
This was empirically found to be best, given that there is no standardised methodology

for architecture selection of such models. Specifically the following were used: (i) A
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recurrent neural network consistingf @ layer with 64 gated recurrent units, a 50%
dropout layer and Rectified Linear Unit (ReLU) activation layer; (ildifndnsional
convolutional network with two convolutional layers of kernel size 3 and 5 respectively
and 30 filters, both followed by 36 dropout layers and a ReLU layer; (iii) A Long short
term memory(LSTMnetwork consisting of one LSTM layer with 64 units and a 50%
dropout layer; (iv) A Shallow dense network with one dense layer with 64 units followed
by a 50% dropout layer and a Readlivation layer; (v) A Deep dense network with 6
dense layers starting with 128 units and halving units with each successive layer. All

individual dense layers are followed by a 50% dropout layer and a ReLU layer.

To all deep learning architectures, antput layer comprising a dense layer with soft
max activation with one unit for every class was added. The labels were encoded as
dummy variables and categorical cremsropy was used as a loss function together
with the Adam optimise(Kingma and Ba014). Cyclical learning rates were used with

a maximum learning rate of 0.1 and a minimum learning rate of 0.0001 to overcome
locd minima. The accuracy on the test set was measured at every epoch and the overall
best performing weights were stored as a checkpoint. The data was deployed in batches
of 128 samples with every batch randomly undersampled so that each class was
representa in equal proportions. The training was run for 500 generations with early

stopping after 50 generations.

2.2.4 Algorithm Testing

Both machine learning and deep learning were tested on the same 25% test set. The

original data were skewed in source compositlon ratios which did not necessarily
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reflect source origin of infection. Therefore, two methods were used to rebalance the
classes in testing. The first test set featured an even distribution of classes, whereas the
second undersampled the ovabundant clickenorigin genomes to emulate relative
contribution to human disease. The ratios predicted by Wilsbal. (2008 were used,
where Campylobactegenomes from chickens were 1.61 times more common than
those from cattle. In both methodsrebalancing the classes was achieved by
undersampling, which repeated 200 times with replacement and averaged the
accuracy over all iterations whilst also recording the variance. Accuracy, precision
(positive predictive value), recall (sensitivitifl, negative predictive value, specificity
and speed were recorded as performance metrics (see Fig8na the introduction for

an explanation of performance metrics). Speed was measured relative to other
classifiers and a scale was defined with 0 belmgslowest classifier and 1 being the
quickest and all intermediate values being normalised within these confines. For
comparison to previous methods, iSource was applied to the test dafegieton et al.
2008a) Having established that XGBoost on cgMLST was the best performing source
attribution method, the classifier was retrained with bdtiaining and testing data and
applied it to all 15,988 human cgMLST samples available on the PUbMLST database. The
prediction took 892 milliseconds on a Dell OptiPlex 7060 desktop using ten threads on

an Intel Core i8700 CPU and 16 GB RAM.

2.2.5 Phylogeneti@nalysis

The generalist index was defined as the number of sources the ST was found in across
all isolates in the dataset, which included additional samples for which only MLST data

was available. A phylogeny of CC21 genomes from both sassmiated ath human
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isolates was built using Neighbour Joining, based on pairwise hamming distanees of k
mer presence/absence in the WGS dataset, as described by Hedge and (Nésige

and Wilson2014). TreeBreaker was used to infer the evolution of phenotypes across
the phylogenetic tree of SZ1 and the most closely related sequentypes. The known
labels of the sourcassociated samples were used as phenotypic information for input
into TreeBreaker(Ansari and Didelo2016) together with the phylogeny of CC21.
TreeBreaker was run for 5,500,000 iterations with 500,000 iterations as-ibuand

1000 iterations between samplings. The phylogenetic trees were visualised with
Microreact (Argimon et al. 2016agnd arranged alongside the results of TreeBreaker in

Inkscape.

2.3 Results and Discussion
2.3.1 Machine learningoutperformsPopularAttribution Models for MLSData

To embedhe source attribution accuracy in the performance of previous effdised

the asymmetric island model on the MLST dataset implemented in iSource, currently
the most popular source attribution metho@odyet al. 2019. As seen irfrigure2-1,

the random forest model which performed best on the MLST data (61.9%/68.5%
balanced/unbalanced) performed slightly better than iSource (61%/64%) on the same
dataset. Since allelic profile® ¢hot consider the underlying sequences and only offer a
binary comparison, matching or not, incorporated allele nucleotides to explore
whether the gradient of genetic differentiation offers better performan¢elummy
encoded the loci sequencesid used kmers generated from the loci which boosted the
best performing MLST classifiers to 67.9%/70.7% from nucleotide dummies and

63%/67.5% fromdners.
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Figure2-1 Performance of all classifiers

A heatmap showing classifier performance on the class balanced (A) and imbalanced (B)
test set. The individual cells are coloured according to the average accuracy on 200
rounds of resampling ih replacement with the variance noted next to the average

accuracy. The averages of accuracy per classifiers are shown in the rightmost column,

whereas the bottom column shows the averages per data type.

2.3.2 Core Genome andWGSDatasets Increasthe Power OfSource Attribution
Models

Having ensured the competitive performance raff machine learning algorithms to
existing methods using MLST ddtigcused on wholeC. jejungenomes. As the logical
extension of seveigene MLST, germy-gene approaches of genomic capture have
been used irCampylobacteto transcribe a larger portion of the genonire silico To

describe the core genome, the cgMLST scheme was introduced tleatded MLST to
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1,343 loci present in the majority (>95%) ©f jejunigenomes(Cody et al. 2017a)
CgMLST has the potential to offer greater discriminatio@.géjunlineages which could
improve source attribution efforts utilising genetic variation differing between hosts
(Thépaultet al. 2017). Treebased ensemble classifiers continued their strong prior
performance on cgMLST, with thé&SBoost classifier achieving 81.3%/84.6% accuracy,

which is also the highest accuracy ovedalla types and classifiers.

Next,| assessed the relative performance of machine learners when applieger&
produced from WGS, where the average atttibn performance was the highest
among all datasets. The bgserforming algorithm was a-D convolutional neural net
(75.0/78.3%), performing better than the tegchieving classifier on MLST but worse
than the best classifier on cgMLST despite WGS engadore genomic information.
This may be explained by the feature selection used to limit the input vector to 100,000

k-mers.

Beyond comparing classifier performance on different data typedso wanted to
investigate what led to the difference in germance. Comparing the predictive
performance throughout all data types shows increases in encoded variation led to an
improved average accuracy across all algorithms. Specifically exposing additional
gradual separation of the underlying sequences resiin better performance in MLST,
even with the same ~0.2 percent of the genome being encoded. The accuracy
comparison of all classifiers reveals strong performance of deeimes ensembles
across all data types, with random forests being the best anadngnsemble learners

on average. Algorithms based on decisiee ensembles have been reported to
perform well given genomic inpAusterlitz et al. 2009; Deke, Rentzsch, and Renard
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2017b; X. Chen and Ishwaran 2Q1®hich has been attributed to their capacity to
handle the interaction and correlation of features innate to genomic ¢AtaCherand

Ishwaran2012).

The highest performing simple learner was thadarest neighbour algorithm (KNN),
which is potentially the result of the phenotypic trait to be predicted being hereditary
The ability to colonise specific hosts is passed down genetically with environmental
factors also contributing to passing on the trait, as the proximity between parent and
offspring cells is required. The mechanisms of inheritance lead to more clotalydre
sequences having a higher probability of being associated with the same phenotype.
Heritability could be causal for the observed success of the KNN algorithm. KNN assigns
class based on neighbourhood in the hyperdimensional feature sgidotsiantis,
Zaharakis, and Pintel2906). The feature space my capturesnvork genetic similarity

which also captures relatedness.

The deep learning algorithms used here generally showed higher average accuracy with
increasing dimensionality of the input data from MLST to WGS. Amid all deep learners,

the RNN and LSTM achieved the highest accuracy, which was unsurprising given DNA is
GNF yAONAOGSRE FYR Ywb! GNIXyatlidSRY adz00SaaA
is mirrored in RNNs and LSTMs, as both process input data sequentially and input
weights are also tuned successively during bpospagation. The weights of the less

well performing convolutional neural nets for example are fiaeed concurrently.

After the comparison of throughout all algorithms and data tydesanted to assess

the source attribution of the besachieving classifier against the previous source
attributions.

59



Machine Learning to Predict the @ce of Campylobacteriosis Using Whole Genomes

Results and Discussion

2.3.3 Machine learning Source Attribution is on the High End of Previously Reported
Chicken Attribution Bound

The overall highest accuracy across all datasets wa®\athiby gradient boosted
decision tree using the XGBoost implementation on the cgMLST dataset, which was used
for a more thorough analysis of performanddy source attribution, which termed
aiSource, compared to previous source attribution elazan be seen ikigure2-2-2,

which reveals thamyassignment of human cases to poultry is close to the higher bound
of previous poultryattributions. Predicting more sources to come from chicken also
results in lower assigned cases to come from all other niches, with only 0.4% of human
cases predicted to have environmental origins. The diverging source attribution of
aiSource to previousfrts could be the result of the greater discriminatory power the
cgMLST data holds compared to MLST. To lend additional credibilityy teource
attribution beyond the comparison to other studiekjnvestigated the influence of

possible confouders on source attribution accuracy.

60



Machine Learning to Predict the Source of Campylobacteriosis Using Whole Genomes

Resuls and Discussion

Comparison source attribution to previous studies

S S 4 2

Y Ml g7 19 11 12

% Sheppard 77 4 4 18
& IS 69 21

[ S 43 | 35 6 15

A o 66 21 3 10

; M;’;j‘;“g 61 5 33
d o e | 14

< I

R et 56 6 37
[ o 67 17

oy O 75 15 1 9 0 24

Figure 22-2Comparison ofmy source attribution to previously published studies

2.3.4 Host transition Imposes a Biological Limit on Source Attribution Models
Tounderstand the limitations of aiSourdestratified error rates into factors potentially
driving misclassifications in the different datasets as sedrigare2-3. The classifier
most frequently mistakes isolates from sheep and cattle for each other, which is also a
common error of other methods of source attributigkVilson et al. 2008a)requent

host switching resulting in overlapping gene pools could explain the misclassification
YR &adzZZ3asSada | aAxYAflNARGE A ysiologg(®wanebak A y Iy i
2008). Beside host reservoirsfurther investigated other sources of error, as the season

in which the sampling occurrdiéricet al.2018 and geograhical origin of the isolate
(Kwanet al.2008) are known confounders of source attribution. To this ehsfratified
attribution performance byCampylobacterspecies, continent, year, and generalist

index based on the full neundersampled test dataseF{gure2-4).
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Figure2-3 XGBoost Classifier performance on cgMLST

A) Misclassification matrix per source. The diagonal represents correct classification and

off-diagonal fields are misclassifications. The percentages are calculated per row. B)

Misclassification matrix as depicted in a flow diagram. C) Classifier pariceron the

unbalanced test set according to four different metrics per source population. D) Radar

plot showing the classifier performance on the unbalanced test by seven metrics

averaged over 200 rounds of resampling with replacement. The variatiopigettas

a shaded surface underneath the black line representing the average.
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Figure2-4 Stratification of source attribution.

Source attribution per source, continent, year generalist index and Campylobacter

species. A) Sample sizes across different factors in the imbalanced training set. B)
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Prediction accuracy on the full test dataset divided by different factors. C) Source

attribution stratified into varying factors.

Approximately 10% of human Campylobacteriosis is cause@dmpylobactercoli
(Sheppard and MaideR015), another member of th&€Campylobactegenus. As it was
readily available from PubML$®Wanted to explore whethemyimproved classification
performance observed i€. jejuniextends to the closely related speciéfound better
attribution performance irC. coliwhich is corrobated by previous investigations and
possibly a result of the more strongly segregating lineages betweewolihosts
(Dearlove et al. 2016aA higher relative contribution to human infection by isolates
from sheep and the environment could furthexdilitate accurate attributiorfOgdenet

al. 2009 Rouxet al.2013 Stracharet al.2009)

A closer inspection of the influence of the sample size on XGBoost performance revealed

that the paucity of wild bird saples (212 samples; 84% accuracy) did not encumber
classification performance relative to the more ample samplings of cattle (716 samples;

84% accuracy) and sheep (584 samples; 57% accuracy). Bird samples could be easier to
classify due to lineages withiwild birds being highly dissimilar from their farm
counterparts, and crossver to other host niches occurring only sporadicédigeppard,

Jolley, and Maider2012. It has been proposed that the ability to switch hosts can
negatively impact attribution accuracy due to blurring the souspecific genetic
fingerprint (Dearlove et al. 2016a) investigated the impact of host switching on

| OOdzNJ} Oé o6& RSTAYAY3I I+ a3ISYSNIrftAad AyRSES

foundacros$ f f t dzoa[ {¢ &l YL Sad a4 SELISOGSR:T 4a

host animals were classified with increased accuracy. In concordancenyhevious
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findings 58% of all wild bird samples belonged to STs only found in this wicbesas

other environments exhibited lower proportions of specialists (environment =,41%
cattle = 9%, sheep = 3%, chicken = 32%). Despite varying across different generalist
indices, performance was still adequate (lowest 75%) on the complete spe&tonm
specialist to generalist strains, which encourageelto investigate how host switching

influences infectivity based amy prediction.

2.3.5 Human Infections from NelRarm Sources Are Primarily Caused by Genetalist
jejuni

A key selective force within ® 2 Sveldtzghar@téajectory is thadaptivebottleneck

occurring during transmission, as not all lineages transmit from saamgnal to human.

To delineate the evolutionary forces during the bottlenéskparated isolates into host

reservoirs and compared source samples to human samples attributed to the same

source Figure 2-5). Using this comparison| caught differences between the

populations strain composition as captured in CC distribution before and after

transmission. The frequency shifts in CC compossti appear larger for the

environment and bird niche than for farm animals suggesting a narrower selective

bottleneck, which is expected given lower transmission from-fasm sources.
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Figure2-5 Theadaptive bottleneck of C. jejuni transmission

A visual representation of thedaptivebottleneck occurring during zoonosis. A) Changes
in frequencies between clonal complexes in isolates from sources directly and human
isolates predicted to stem from the same source are shown. B) Changes in frequency of

the number of sources the clonal cdeyes can be found in. Some lineages only appear
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in humans and thus cannot be assigned a generalist index, which is expressed in the
white space on human side of transmission. C) Size of the selective bottleneck is
visualised through the proportion of humanfection. The phylogenetic trees shown

within the bottlenecks are for illustrative purposes only.

We also calculated the relative composition in generalist index before and after
transmission from the C&mposition Figure2-5B). Through analysing the shift in the
generalist index| gained insight of how the ability to colonise multiple hosts affects
human infection specifically. In theon-farm niches the shift in generalist index shows
that numerous CCs unique to environment and bird (and to a lesser degree ruminants)
are either absent or less frequent in human samples. The frequency of generalists rises
after transmission in their stehwhich suggests infectious lineages from the fion
chicken niches are mostly generalists. This finding is in line with Deat@lg2016)

who suggested that generalists are more infectious to humans due to rapid host

switching.

Our data shows chicken specialists to be the only niche rediristeains highly
infectious to humans. Interpreting differential transmission based on host switching
capabilities crucially depends on whethay chicken generalist indices are artefactual.

If biological underpinnings cause chickspecialist lineages to be infectious, this could
explain the higher transmission rates from poultry. Commonalities in immune response,
gastrointestinal tracts, or the different handling of poultry compared to other meats
could explain the higher infectiyit However, the high number of chicken specialists
could also be due to the oversampling of chickens (4,147 samples compared to 716

cattle and 584 sheep). The high number of chicken restricted lineages is especially
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striking as the other farm animals shavlow number of specialists before and after
transmission. However, the residual farm animals being sheep and cattle, which likely
have similar gastrintestinal features, would make the evolution of niche specialism
less likely. As Sheppamt al. (2011b speculate, the ecological factors of a farm
environment are conducive to host switching. An increased potential for horizontal gene
transfer through proximity enables closely related strains to colonise phylogenetically
distant host animalsMy findings indicate that chicken niche specialists must have a
unique ability to colonise humans compared to other farm niche specidiisignd the
investigation of the transmission bottleneck through strain composition, which would
also be possiblasing older methodologymy source attribution allowsne to attribute

individual samples, which opens new lines of investigation.

2.3.6 The FingGrained Structure of Source Attribution can be Identified with Machine
Learning

Past predictive efforts isource attribution based the assigned label on the genotype
frequencies in the host reservoirs observed in sampling. However, sampled source
distributions are not automatically accurate depictions of relative contribution to
human infection. Lineages outepeted by others in one niche could have increased
fitness given a different environment, suggesting that rarely observed source lineages
could disproportionally contribute to human infection. This dynamic has been
exemplified in the chicken processing ohawhere genes promoting an increased
survival ability outside the gut, has led to ansgmpling of strains exhibiting the fitness
promoting allele(Yahara, Méric, Taylor, Vries, et al. 201Similar evidence exists for

the transmission bottleneck, where genes associated with human niche tropism leads

to shifts in the composition of. jejunitrains assemblagéMeéricet al.2018. Withmy
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algorithm, which is capable of attributing sources to individual samples, the relative
frequency changes in transmission can potentially be detected in adira@ned source

attribution.

The application of TreeBreakdAnsari and Didelo2016) allowed me to search for
potential evidene of varying host affinities within the dataset.focused on the
phylogeny of CQ1 as a lineage found across multiple host reservoirs and commonly in
human campylobacteriosis caséSheppard, Cheng, Méric, Haan, et al. 20T)e
prediction of TreeBreaker shows a charig host association on a branch grouping of
the cattle-associated SZ1 subgroup and the cattlassociated lineages 982 and ST

806 Figure2-6A). The observed host composition in this clade (asteriskeBiguire
2-6A) is divergent from the residual samples ofZ1Consisting largely of chickenda
sheep isolates. Furthermore, the clade under investigation showed an increased
transmission to humans. Generally,-ZCis ovefrepresented in isolates from humans,
potentially owing to its host generalist status. However, in the asterisked clade and th
most related STs 982 and 80@&nly observe expansion ranging between 1.7 and 3.6

fold, whereas the rest of GZ1 expanded 5.5 to 6-ld (Figure2-6B).
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Phylogeny of clonal complex 21 of host animal associated samples and (A) bar charts
showing the knowsource distribution and human samples (B) alongside the predicted
source distribution. The phylogeny is based on neighbour joining using hamming
distance of the #mers drawn from WGS. The connecting lines show the increase in
frequency of the clades in ham samples and the size of the grey circles show the
posterior probability of a change in phenotypic distribution along the branches of the

tree.

The apparent switch of host affinity within the lineage most abundant in human
infections, also seemingly chged the ability of transmission to humans. A change in
infectivity lead to a shift in predicted source composition 0f22Gn human infections
compared to the same strain isolated from animals. Using previous methodology of
assigning source, the discovenf/this shift within C&1 would have been impossible

with potentially detrimental effects to understanding disease.

2.4 Outlook and Conclusions

With the everincreasing wealth of available pathogen sequences grows the potential
for broadening our incompleteinderstanding of zoonotic diseases given appropriate
methodology. My analysis has revealed trdmased ensemble methods as fitting
algorithms for classifying bacterial genetic sequences, which provides opportunity to
improve the accuracy host sourcetrdtution for human Campylobacteriosis. The
strength of this approach crucially hinges on utilising the full gradient of genomic
differentiation offered by cgMLST and WGS data. Genetic differences specific to host
reservoirs can be found in both core andcassory geneSheppard et al. 2013#he

use of which is subject to practical considerations. Having more computational power
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at my disposal, could have enabled the use of ath&rs present across all genomes
(here 109,675,176 unique kmers) whilst using multiple algorithms for -er@kation

and bootstrap replication.

Beyond an increased ability for source attribution, by uncovering the-gmaeed
structure of genomic signatures of host specificity, aiSource offers tremendous
opportunity to incorporate shifts in strain compositidsetween samples taken from
animal reservoirs and human isolates. This can facilitate the investigation of the ability
of specific lineages to survive outside of the host sufficiently long to transmit to humans
and the propensity to colonise human intest;yehen the opportunity arisefrahara,
Méric, Taylor, Vries, et al. 2017; Méric et al. 2018)uitively, this leads to questions
about the genomic underpinnings of bacterial host adaptation, specifically the extent to
G KAOK WI aaz2OAl S Rsentadapfa8ansiatd whdthsrYhs sameigendds LINS
and alleles enable colonisation of different host niches.

Improving onmy approach, more abundant sampling, and subsequent incremental
training of aiSource could provide additional improvement The algorthin f 2 ¢
computational requirements combined with a high prediction speed make it an
excellent toolfor prediction of large genomic datasets. Moreover, by using phylogeny
aware train/test splitting for assessing accuracy, the high predictive performancédshou
prevail even when given new genetic variants. As implemented in the algorithm
available onhttps://github.com/narning1992/aiSourcethe classifier can readily be
retrained given new data atifferent phenotype labels. AiSource thus has considerable
potential for the deployment in an automated and continuous disease surveillance
systems to reduce the burden of Campylobacteriosis that remains one of the most

common foodborne illness in the wdd.
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Overview

The pathogerCampylobacter jejunthe most common aetiological agent of foodborne
gastroenteritis, is also a pervasive gut symbiont of farm animals. Its ability to switch
hosts allows for increased transmission events and is common across mGltijgini
strains. Understanding the getic underpinnings of host generalism is important for
combatting Campylobacteriosis because the most common strains in human infection
are also universally present in farm animdlsonducted a genome wide association
study (GWAS) based on sequené@esn multiple studies found in PUbMLST, saiilg
phenotypes based on the prediction of new source attribution methods, through which
| aim to provide a more comprehensive analysis@f jejuniniche adaption than
previously possibld.identified a common fluoroquinolone resistance mutation which
pre-adaptsC. jejunichicken samples for transmission to humans on a population level.
The effects of the mutation previously uncovered in a moth model highlights the
dangers of pervasive antibiotic usefood production beyond the rise of antimicrobial
resistance. In both ruminant and chicken nichescovered genes that increase survival

in the varied stressors of the food production chain, and invasion of epithelial cells
increasing affinity to honan hostsl also identified polyphosphate pathway genes that
are differentially associated between the ruminant and chicken nidWg. results
demonstrate the utility of largecale metaapproaches to investigate pathogen
evolution based onpublic databases. By establishing a robust methodology for
combining heterogeneous studielshope to provide a first step towards streamlining
the gain of evolutionary insight from the large wealth of publicly deposited genetic

sequences, and to ultiately contribute to the development of automated GWAS.
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3.1 Introduction

Campylobacter jejunis primarily known as the pathogen responsible for tnest
common form of foodborne gastroenteritis worldwide (Kaakoestal. 2015) but can

also inhabit norhuman hats by acting as a symbiont in the gut of livestock animals and
wild bird species (Burnham and Hendrixson 2018). The ability to colonise multiple hosts
provides an advantage by increasing the habitat range, but may be limited by genetic
constraints on theability to adapt well to different host environmen{®/oolhouse,
Taylor, and Hayon 2001), where the adaption to one host potentially comes at a fithess
cost to another{Giraudet al. 2001). The tradeoff between the competitive advantage
conveyed by better adaption to one environment versus thedd#é of switching niches

is thought to create and maintain phenotypic diversity in a heterogeneous environment
(Van Tienderei991). InC. jejunthe different evolutionary solutionsianifest as avide

range of specialist and generalist straifheppard, Dallas, MacRae, et al. 2009b;
Sheppard, Dallas, Strachan, et al. 2009b; Sheppard, Colles, et al. ZEppard,
Cheng, Méric, de Haan, et al. 201A¥ generalists are common contributors to human
infection (Dearlove et al. 2016b)uncovering the genetic underpinnings of host

switching is of pamount importance for alleviating the burden of Campylobacteriosis.

Supplied with a growing availability of genomic sequengeapmewide association
studies (GWAS) were conceived to examine human disease by uncovering causal
variants as potential drug tgets (Uffelmannet al. 2021). Since their inception GWAS
have been widely used in bacteria to examine the genetic basis of a range of important
phenotypes relating to severity of infection, antimicrobial resistafi Younget al.

2021 The CRyPTIC Consortil#021; Earleet al. 2021) and host affinity (2013.
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Sheppard et al (2013) were the first to apply GWAS to investigate host adaption of
jejunito cattle and chicken using 192 isolates of the generalist clonal complexes (CC) 21
and 45. The presence of the thrpanBCQjenes responsible for Vitamir Biosynthesis

were found to be essential for survival in cattle, presumably because Vitansadarce

in grasses but abundant in chicken feed. The genetic basis of biofilm formation was
analysed by Pascat al. (2015 using 102 assemblies fro@C<21 and 45. The GWAS
revealed genes in motility, capsule production, adhesion, glycosylation and oxidative
stress as important ibiofilm formation. Yaharat al. (2017 used 600 genomes @G

21 and 45 from different stages of the poultry processing chain. The study uncovered

genes involved in formate metabolism, aerobic survival, oxidative resmiratnd

nucleotide salvage to enab@. jejur® a & dzZNIJA O £ FNR Yetd.20W G2 T2

undertook the first GWAS investigation into pathogenicity, using 166 representative
genomes to identify 25 genes as diagnostic markers. VitagbioBynthesis pathway
YSYOSNE 6SNB |3AFAY F2dzyR | f2yJaARStanBSy Sa
antibiotic resistance. In the most recent GWAS, Epping and colle&u&h, looked at

host specificity on the basis of 4§@nomes of animal, environmental and human origin
identifying markers involved in genome maintenance and metabolic pathways. The five
published GWAS offer a mufticeted view on the mechanisms of niche adaptiorCof

jejuniusing a study design tailored the focal phenotype.

¢KS dziaAfAGe 2F | ALINRaLISOGAGSE aidzRé RSai

assembling isolates for analysis is not the only way of garnering insight into the
phenotype under investigation. The deposition of sequences iggded in past GWAS

and similar studies onto public databases has amassed a wealth of publicly av@ilable

76



Genome wide association studies in Campylobacter jejuni

Introduction
jeuniaSy2yYSas fleAyd (GKS F2dzyRFEGAZ2Y F2N ySs

previous studies reveals that the potential of the 53, @Jejuniassemblies listed on
PubMLSTJolley, Bray, and Maid&®18 remains mostly untapped. The most extensive
GWAS to dateses 600 sample&’ahara, Méric, Taylor, de Vries, et al. 204 three

out of five studies focus on just tw@. jejuniclonal complexes out of 42 listed on
PubMLSTL.aim to build upon past. jejunstudies and combine the published data into

a more comprehensive analysis of adaption to varying host environments. The
retrospective approach offers the benefit of increased power due to bigger sample size
with the ability to study multiple phenotype st using the same methodology.
Combining heterogeneous studies however comes with caveats, as differences in
sequencing setup and assembly techniques can confound the an@lgsiet al.2017).

| therefore aim to establish a robust protocol for bacterial GWAS based on public
databases which can harvest the potential of the ewereasing availability of

genomes.

The large public datemses amy disposal not only facilitate retrospective analyses with
bigger sample sizes, but also alkowe to pose different research questions using novel
methodology. Attributing the source @. jejuninfection was previouslyWilson et al.
2008b)based on fgene MLSTMaiden et al. 1998b)in MLST, the smallest predicted
entity are entire S3. The development of a new source rdiution method using
cgMLSTcomprising 1,343 genes, enabled source prediction at the level of individual
samples(Arninget al. 2021 and chapter 2)I amtherefore equipped with novel data
that allows us to conduct original analysis, namely investigating the separate

transmission chains from ruminant and chicken to humdredditionally revisit the
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questionof niche adaption to ruminants and chicken in a bigger sample size. Comparing
samples collected from ruminants and chicken uncovered genes in nucleotide salvage
and chemotaxis regulators towards iron and phosphate as crucial for host spedificity.
aloo report that mutations conferring resistance to antimicrobials also increase
transmission from chickens to humans. The study of different evolutionary trajectories
from two main sources of infection could allow for more bespoke public health

interventionsto alleviate the disease burden of Campylobacteriosis.

3.2 Methods
3.2.1 Dataset Collection and Preparation

The study presented here was based on the dataset used in Aetiaf (2021 and
chapter 2)which can be accessed undpubmist.org/bigsdb?db=pubmisCampy
lobacter isolates&page=query&project_list=102&submit+trictly filtered all 20,314
available genomes to avoid confounding the analysis by the heterogeneous nature of
the contributing studiegTomet al.2017). To prevent artefacts resulting from differing
sequencing workflows selected 10,111 genomes, by limiting all genomes to samples
from bioproject accessions PRJEB2075, PRJEB4848 and PRINA505131, which resulted in
7707 human, 1606 chien, and 797 ruminant samplédiltered the database down to
these three studies to avoid batch effects due to sequencing chemistry or technology.
The three studies have similar sequencing setups with read lengths ranging between
190 and 210 baspairs and using lllumina HiSeq 2500 or 2000 as sequencer and
containing only samples from the UK. Bioproject PRINA505131 had no ruminant
associated samples and was therefore removed for all phenotype splits with ruminant

source samples.
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3.2.2 Bioinformaticdrocessig

As differing assembly strategies potentially generate erroneous hits, all genomes were
reassembled from scratch. The read data was obtained from the sequence read archive
(Leinonen, Sugawara, and Shumvéy 1) and adapter sequences trimmed using fastp

(S. Chen et al. 2018)Reads were corrected with BayesHammg@tikokenko,
Korobeynikov, and Aleksey@013 before assembly with SPAdéBankevichet al.

2012 using thegcareful flag. The resulting assemblies were aligned to 10 chromosome
level assemblies @&. jejun{accession numbers: ASM143234, ASM231296, ASM993964,
ASM993966, ASM993970, ASM993972, ASM1320568, ASM1336377, ASM1336381,
ASM1339499) using Rago(iKolmogorovet al. 2014 and assembly errorswere

correctedusing POLC&imin and Salzbe2020) both in default mode.

AiSource (Chapter Bttps://github.com/narning1992/aiSourcérninget al.2021) was

retrained based on theore-genome multilocus sequenceyping CgMLSY obtained

from the source associated genomes using PubMI&ey and Maide2010 with the

sheep and cattle labels combined into a ruminant class, and pig, bird and environment

Of  aaSa 0O2Y0AY SR (Chdy étal 2D1yb)idexlioked, NEMinddE ahdi a
20KSNJ Of  aasSa oSNB dzaSR FT2NJ GNXYAyAy3as |yR
class were removed from the alysis as they were not of interest for the GWAS. The

YI OKAYS € SIFNYSNI LINBRAOGSR cotn OKAO1ISYZ wmr
the 8144 samples isolated from humans. Genomes were subsequently filtered as

described below before use in the GWAS.

With contamination being a source of spurious hits, all contigs not originating @om

jejuni as predicted by Krake(Wood and Salzberg@014 were removed from the
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assemblies. The statswrapper script from the BBMap (Buishnel2014) allowed the

removal of outliers in assembly characteristics, such as number of bases, number of
contigs, N50, gap percentage, -G@htent, read coverage. The read coverage was
generated by mapping all reads to the reference genome NCIBB1With Bowtie 2
(Langmead and Salzbe?P§12) using the-k 1 and-very-careful flag. The depth tool
within the Samtools packagel. Liet al. 2009 was used to generate a coverage from
the reads. For every assemgliharacteristic listed above, genomes deviating more than
1.5 times the inter quartile range from either the first or third quartile were discarded.
After generating 3dmers from all genomes using D&{zk, Lavenieand Chikhi 2013b)

for use in the GWAS, all genomes diverging more than 1.5 times thegnéetile range

from the first and third quartile of the number of uniquenkers were removed. After

quality filtering the dataset consisted of 7,211 genomes.

3.2.3 Study Design

To investigate the adaption @. jejuninto different host niches, appropriate phenotype

splits for the GWAS were chosen from the dataset.

1 Ruminant source vs ruminant humar€. jejuniisolated from colonised ruminants
(controls; n = 394) versuS. jejuniisolated from human infections predicted to
originate from ruminants (cases; n = 558pimed to identify genetic variations
allowingC. jejunto transmit from their commensalféstyle in sheep and cattle into
human Campylobacteriosis.

1 Chicken source vs chicken humaas above but focusing on isolates from colonised
chicken (controls; n = 360) versus human infections predicted to be of chicken origin

(cases; n=2095).
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1 Chicken surce vs ruminant sourcdsolates from colonised chicken (cases; n = 279)
versus isolates from colonised ruminants (controls, n= 218). This revisits the
guestion of genetic variants associated with different commensal environments.

3.2.4 GWAS

The GWAS was perfoed using the R package bugwastps://github.com/sgearle/

bugwas Earleet al. 2016 that controls for population structure by using linear mixed

models (LMM) with GEMMAX. Zhou and Stephens 2012)o capture the genetic
variability in the dataset, a presence/absence table of all uniquendd patterns was
produced using-kners generated from the assemblies by Sk, Lavenier, and Chikhi
2013b) From the kmer presence/absence table, a centred relationship matrix was
calculated in Java which was (@put into GEMMA and (2) to construct a phylogenetic
tree via neighboujoining in the R package aearadis, Claude, and Strimmz004).

For additional, statistical, control of batch effects, the following variables were included

as covariates: coverage of the genonmeseads, number of contigs, the contig N50, the

scaffold L50, the average &@Gntent and the gap percentage of the genome. The

bioproject accessions were included as factors, encoded via dummy variaidesl a

2% minor allele frequency threshold rf6iGEMMA. The multiple testing corrected

significance threshold was computed using the Bonferroni method to control the

strongsense familywise error rate. A significance threshold of 0.05 was chosen which
was divided by the number of tests defined by tn@que 3tmer patterns observed in
the phenotype split. This produced the following significance thresholds daga

scale:
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! Ruminant source vs ruminant humatogio(p0 X ¢ ®@T M
{1 Chicken source vs chicken humdogio(p0 X T ®MT

{1 Chicken source wsiminant source:logio(p0 X ¢Cc ®T T

The phenotype split comparing ruminant and chicken samples showed inflatallips

in the quantilequantile plots, so TreemmédMenardoet al. 2018 was used to remove
highly related samples from the dataset. The tree was trimmed at 97% of its original
root-to-tip length by individually discarding leaves resulting in the case and control
numbers shown under 3.2.3. The heritlitly of each phenotype split was computed by

GEMMA using the LMM null model based onn34rs.

3.2.5 GWAS interpretation

For interpretation of the significant-kners, all unique 3iners observed across all
phenotype splits were iteratively mapped to multigle jejungenomesUsing Bowtie2
with the -very-sensitive flag, all-kners were first mapped to th€. jejuniNCTC111%
reference genome and dll. jejunplasmid assemblies available on the National Center
for Biotechnology Information (NCBI) assembly page. -Aleks not aligning with a
mapping quality above 10 were then mapped via the same process to all 10-whole
chromosome level assemblies 6f jejuniavailable (accession numbers as listed ).2.
The same process was repeated with a representative subset 6f. gjunisamples
chosen with cehit (W. Li and GodziR006 using a cubff of 97% identity (166
genomes). Finally, all remainingrers that did not map with a mapping quality of at
least 10 were mapped agairet 414 available completg. jejungenomes with genome
annotation on NCBI assembly. diers were still not mapped with a quality of 10 after

4 rounds of bowtie, BLASAItschulet al. 1990 was used with a query coverage of at
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least 90 and an -®alue of at least 0.1 and &ast 95% identity against the same 4
datasets as described in the bowtie mapping. All hits that did not map with a quality of

at least 10 were considered unmappable for the purpose of this study.

The plots depicting the GWAS results, such as the Manhatts, quantilequantile
plots and forest plots were generated in Python 3.8 using the matpl@diunter2007)

and seaborn librarie§Waskom2021). The trees depicting-kner presence/absence
patterns were generated in MicroreafArgimon et al. 2016b)ndividual genomavide
significant hits were plotted using the DNA Features viewer li{fizauikower and Rosser
2020 in Python with genome annotations downloaded from NCBI assembly -iitegk
were aligned to the reference genomes downloaded from NCBI using Kaffohet

al. 2002 with the -auto function. Kmers were merged when they overlapped by more
than 15 bases and their overlaps and their directionality of@ffis measured by the
regression coefficient beta were identical. To confirm the hits are not the result of
systematic differences between the three different bioproject study designs, such as
uncontrolled batch artefacts) repeated the GWAS by perfoing three pairwise
comparisons between all bioproject accessions, treating the bioproject as the
phenotype. The effect size and direction of the LMM were recordedsz®es of the

beta value (the beta estimate divided by the standard error).

For the caonparison of resistance conferring mutations in the NCTC11168 gerlome,
used AMRFinderPIl&eldgarderet al.2021) with default command line options.

3.3 Results

Starting with 20,314C. jejunigenomes publicly available from PubMLBfltered the
dataset to 10,148 samples originatingodn three studies with similar sequencing
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characteristics to avoid confounding batch effedtturther filtered outliers based on

sequence characteristics, resulting in 7,211 genomes, all phenotypes considered.

3.3.1 Isolates from ruminantersus human isdies predicted to come from ruminants

We first compared isolates drawn from ruminants and hunfan jejunisamples
predicted to be transntied from contaminated ruminant meat or milk. The sample
heritability of the phenotype was 25.4 %-#/5 (one standard error). As seenFigure

3-1 no kmer passes the genomaide significance threshold at-8gio p-value of 6.7,
potentially due to the fewer samples available in this split (h = 947) compared to other

splits under invesgation.
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Figure3-1 Ruminant source vs ruminant human hit 1.
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A detailedview of the most significant hits oy GWAS study comparing source
associated ruminansamples with human samples predicted to come from ruminants.
A) The Manhattan plot of the GWAS. B) A zoom in around the most significant hit shows
the genome annotation of the NCTC11168 in closer proximity to the hit. C) A forest plot
shows the beta of thassociation across different bioproject accessions. D) An alignment
of all significant kmers with the NCTC11168 reference genome with-deoees of beta

listed on the left.

A=0.97
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Figure3-2 Qgplot Ruminant source vs ruminant human.

The quantilequantile plot of the genom&ide association study comparing source
associated ruminant samples with human samples predicted to comerénminants.
The-log10 pvalues of all kmer patterns analysed in the association study are compared

with quantiles of a uniform probability distribution to an inflation of significance.
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Figure3-1 shows the region of the most significant-8iers, which had dogio p-value

of 5.6 and a &core of the beta 0f4.7, withFigure3-2 showing the associated ggjot.

The negative directionality of effect signifies an association with samples drawn from
ruminants. The 4ners are mostly identical to the intergenic region on NCTC11168 at
positions 878453 to 878500 with a few single nudéetmutations in individual
sequences. The most significantier with a positive directionality of effect-&core of

beta = 1.83) indicating association with human samples, introduced an 8bp gap into the

alignment

3.3.2 Isolates fronthickenversus human isolates predicted to come framcken

C. jejunisamples isolated from chicken were compared with hurAsaiated samples
predicted to be transmitted via contaminated chicken. This test of association between
chicken samples and humdd. jejuniisolates transmitted via chicken revealed that
22.78 % +/3.4 of the phenotypic variability could be attributed to the genotype. Four
distinct kmer patterns pass the significance thresholdloiop-value of 7.17. Only the
most significant hit at alogio p-value of 10.7 could be mapped above the quality

threshold of 10 Figure3-3). The ggplot of the phenotype shown iRigure3-4.
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Figure3-3 : Chicken source vs chicken human hit 1.

A detailedview of the most significant hits oy GWAS study comparing source
associated chicken samples with human samples predicted to come from chicken. For a
more detailed explanation of the individual panels see the caption of Figire 3
Additionally, panel D) here shows an amino acid translation of the protein-ther k

mapsto.
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Figure3-4 Qqplot of Chicken source vs chicken human

The quantilequantile plot of the genom&ide association study comparing source

associated chicken samples with human samples predicted to come from chicken.

3.3.3 The kmer associated with the most significant pattern mapped within the gene
named DNA gyraseilsunit A gyrA), also known as DNA topoisomerase 2. The
reference version of the gene is most significant and associated with chicken
isolates with a-score of beta 0f6.85, whereas a G to A substitution at gene

position 247 is linked to human isolateghwa zscore of beta at 6.54solates
from ruminantsversussolates from chicken

Comparing chicken to ruminant isolates revealed a higher sample heritability than all
other splits at 60.3% +6.1 %. Two patterns passed the corrected threshold -dd@o
p-value of 6.7, with the top hit mapping best to assembly CP013116.1 which was

generated by sequencin@. jejunstrain T121.
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Figure3-5 Ruminant source vs chicken source hit 1

A detailedview ofthe most significant hits aihy GWAS comparing source associated
chicken samples with source associated ruminant samples. The Manhattan plot for all
hits on genome CP013116.bisitted, as only few-ners map onto this genome. For a

more detailed explanation of the individual panels see the caption of Figlire 3
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Figure3-6 Qaplot of ruminant source vs chicken source

The quantilequantile plot of the genom&ide association study comparing source

associated chicken samples with source associated ruminant samples.

The pattern shown irfrigure3-5 has a-logio p-valueof 8.9 and a beta-gcore of 6.22
which suggests an association with ruminants. Theplgg of the GWAS is shown in
Figure3-6. The hit maps to the noneferenceC. jejungenomeCP013116.Within the

gene producinghe proteinASB61_06320
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Figure3-7 Ruminant source vs chicken source hit 2

A detailedview ofthe second most significant hits mfy GWAS study comparing source
associated chicken samples with source associat@dinant samples. For a more

detailed explanation of the individual panels see the caption of Figlire 3

The second most significant hit atlagl0 p-value of 6.9 has azcore of beta 0t5.46,
as seen inFigure 3-7, which indicates an association with chickens, as opposed to

ruminants. The associatedrker maps on the reference genome NCTC11168 within the

genecj0144
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3.4 Discussion

3.4.1 Glutamine Uptake Genes Associated with Transmission from Ruminants to
Humans, but Did Not Reach GeneWale Significance

The mostsignificant kmer in the comparison between isolates from ruminants and
human isolates predicted to come from ruminants maps betwdnengenes foICj0939

and Cj0940 The proximity to both geng potentiallyindicatgesregulatory function in

one or bothgenes|In the followingl adapt norrcapital italic names for genes and capital
non-italic names for the corresponding proteins. Cj0939 is a hypothetical protein with
no known function, making it difficult to draw conclusions about its role in
pathogeniciy. Cj0940s known as the glutamine A-ihding cassette (ABC) transporter
permease protein (GlnPRacteria use ABC transporters to move nutrients across the
cellular membrane to scavenge substrates from within the lfdahakaet al.2018). C.
jeuniQd 3IANB UK A& NBEAFIYyG 2y GKS dzLlikr 1S 27
microenvironment, due to the inability to use sugars as a carbon sqelayudhan

and Kelly2002. Glutamine is used b€. jejunito generate glutamate via hydrolysis
which in turn can be decomposed into carb@idofreuter, Novik, and Galak008).
Glutamine is also vital within the host as a nitrogen source through the deamination of
glutamate(Linet al. 2009. The ability ofC. jejunito scavenge glutamine from the host
gut by this mechanism was shown to be crucial for pathogenesis mjuni(Peiet al.

1998 LeonKempiset al.2006 Linet al. 2009)

Evidence for the involvement of GInR/ @ 2sSaBilidyyfdk SQrvive the hostile gut
environment is comes from functional analysisghiPitself and through the study of
glutamine scavenging within humans more broadBinPwas upregulated Zold or

more in C. jejuniunder hyperosmotic sass(Cameronet al. 2012), which can occur
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during passage of the intestine or food procesgi@gmeroret al.2012. De Vriet al.

(2017 additionally show that mutants ofInP have reduced colonisation ability in
chicken The involvement ofinPin transmission may be twofold, by enabling survival

of C. jejunbn the ruminant carcass and through protection of the bacterium in the gut.
Hofreuter, Novik and Galaf2008 show that growth of the highly pathogenic strain-81

176 in the presence of glutamine and asparagine is possible which was an unviable
environment for the reference strain NCTC11168. Glutamine transport is likely a
redundant mechanismas PagP was experimentally identified as another ABC
transporter permeaseén C. jejuniLinet al. 2009. Paqgp appears to be upregulated in
bacteria during human cell infectiofGaynoret al. 2005 and its deletion resulted in
increased recovery of bacteria of epithelial cells and resistance to aerobic and organic
peroxide stressesWith the proximity of the most significant hit tginP and its
involvement in human infection, it is conceivable that regulation occurs within the
discovered region. Although the association does not pass the significance threshold,
being the most signitant hit in the analysis supported by the experimental evidence is
suggestive of an involvement in virulenddy analysis offers some support for further
experimental validation for the ability of the region 8483 to 878500 to influence

transmission tdhumans, possibly through the regulationghP

3.4.2 Fluoroquinolone Resistance Mutations are Associated with Transmission from
Chickens to Humans

The most significant hit in the comparison of isolates from chicken and human isolates
predicted to be from chicken is a point mutation within tiggrA gene. The point
mutation causes a change from threonine to isoleucine at amino acid position 86 and is

the most common mechanism of fluoroquinolone (FQ) resistané2 jejuni(Piddock
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2003 Sproston, Wimalarathna, and Shepp&@dl8. DNA gyrase precedes the DNA
polymerase during DNA replicatioty Inegatively supecoiling the tightly wound DNA
(Reece and Maxwell991). FQ disrupts replication by binding the DNA onto the gyrase
resulting in double strand breaks of the genome eventually causing the death of the
bacterium(Willmott et al. 1994). ThegyrAmutation is believed to convey resistance to
FQ by lowering the binding affinity of FQ to the Dijfase A complefAldred, Kerns,

and Osheroff2014). The involvement ofjyrA in FQresistance is well established,
however the mechanism of involvement in pathogenesis has only recently been

revealed.

At first glance, the association between infection and antimicrobial resistance may
appear to be a sampling artefact. As antimicrdbiasistance encumbers routine
treatment of gastroenteritis, protection from antibiotics could be a factor contributing
to hospitalisation and thereby increased likelihood@fjejunisampling. Past studies
however suggest that a side effect of the reamstecausing mutation irgyrAis to
increase the fitness df. jejunwithin the host, which would also explain why it is the
only antimicrobial resistance conferring mutation discovered here dtah (2005) first
demonstrated that colonies carrying thgyrA mutation outcompeed FQsensitive
strains when both were injected into chicken in the absence of antimicrobials. Whelan
and colleagues(2019 extended this finding toGalleria mellonellamoth larvae,
demonstrating an increased invasion of epithelial cells and increased lethality in strains
carrying thegyrAmutation. Whelaret al. propose thatC. jejunuses DNA supercoiling

for controlling transcription(Shortt et al. 2016), since it lacks the intricate gene

regulation mechanism of other gastric pathogengdagannathan, Constantinidou, and
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Penn2001). The twecomponent regulatory system FIgRS is controlled by relaxation of
DNA supercoiling andhtis indirectly bygyrA Relaxed supercoiling reduced FIgR
expression and increased FIgS expression leading to decreased niStildstt et al.
2016). Both flagella genes are known to be important factors in the ability. géjunto
colonise the host intestinéHermarset al.2011). Decreasing motility was shown to lead

to enhanced biofilm formation under aerobic conditio(/helanet al. 2019 and
relaxed supercoiling has also been demonstrated to increase invasion of human
endothelial cellgScanlaret al. 2017). TheG. mellonellanodel showed that relaxed
supercoiling can be attributed to the resistance caugiygA mutation also resulting in

an associated increase in invasion of epithelial cells and virul@belanet al. 2019).

The expemental validation of mechanism of thgyrA mutation at position 247 in
transmission in the moth model, corroborates the association discovered here. FQ
resistance conferring mutations can influence transmission in two ways: By protecting
C. jejunifrom the oxidative stress during poultry processing by biofilm formation and
increasing virulence through enhanced entry into epithelial ¢®lkelanet al. 2019.
Enhanced biofilm formation coukilso be the mechanism of resistance to FQ, which was
shown to be the case for urinary tract infection causisgherichia co(Oliveira, Dias,
and Phmba2014). Biofilms composed anvironmentalDNA, as found in the biofilm of
gyrAmutants(Whelanet al.2019), safeguard the bacteria from contact with antibiotics.
ThegyrAgene could thereby reinforce the resistance conferred by decreased binding
affinity to FQ, or conceivablye the main mechanism of resistance to HRe GWAS
carried out here,appeas to extend the conclusions drawn from moth models by

Whelanet al. (2019 to the population level: The FQ resistar@usinggyrA mutation
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pre-adaptsC. jejunfor transmission to humans by increasing survival in food processing

and entryinto epithelial gut cells.

The use of FQ in poultry is already controversial, due to the rise in resistant strains,
particularly as FQ is the most common treatment of foodborne gastroenteritis
(Sproston, Wimalarathna, and Shepp&@18. However, the dual effect of thgyrA
mutation may exacerbate the detrimental effect of pervasive antibiotic use during food
production. The increased fithess of FQ resistant strains in aisokbéen ceinoculated

with susceptible strains suggests the substitution-pdaptsC. jejunito chicken. With

the nucleotide change increasing survival on the chicken carcass and invasion of human
endothelial cells as previously outlined, the single notitke change may increase
fitness at multiple steps of the transmission chain. Whereas FQ is still widely used in UK
poultry production(European Food Safety Autlitgrand European Centre for Disease
Prevention and Contrd2020, the US banned FQ in poultry production in 2@D5B.

Price et al. 2007)As the use of FQs for sheep and cattle continued to be allowed, the
US experienced arise in prevalence of FQ resistant strains in rum{ifantget al.2017,

Xiaet al. 2019. If the gyrA mutation is indeed responsible for both antimicrobial
resistance and increased transmission to humans, there should be natative
transmission from ruminants than chicken in the US compared to the UK. Itis interesting
to note that, whenl used aiSourcéArninget al. 2021and chapter 2) to compare the
predicted source of all available UK (n=15,050) and US cgMLST samples (h=437),
observe a higher proportion of US samples attributed to ruminants (49.9%) compared
to the UK (28.2 %). A better comparison would be the-285 source attribution

comparal to samples from after the FQ ban, however this was not possible due to the
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scarcity of sequences before 2005. The evidence that the FQ resistanfarring
mutation increasesCampylobactertransmission to humans adds weight to the

argument for banning @, not only for chicken production, but across all farm animals.

3.4.3 GWAS Comparing Chicken and Ruminant Isolates Reveal Nucleotide Salvage and
Chemotaxis Towards Iron and Phosphate as Host Associated Factors

The most significant hstin the comparison of isolates from chicken amdhinant map

to the gene producingASB61_0632®n the genomeCP013116.1The biological
interpretation of this hit is difficult as the annotation of genome CP013116.1 is less
complete thanC. jejunireference genome annotation. Additionally, experimental
validation is lacking to illuminate the mechanism by which the mutation can increase
fitness in one niche is lacking. However, there is suggestive evidence for the involvement
of the associated hits in guaningtake which could interact with the polyphosphate

pathway as is laid out below.

The protein produced by the gene the most significant hit map ASB61 _06320s a
guanine permease anthe mapped kmers show multiple mutations associated with
amino acid changes. When using BLASIschul et al. 1990 against the better
annotated C. jejuniproteome, ASB61 06320 shows closest similarly to the protein
encoded bycj1369(identity = 90%, walue = 0.044). The gem§l369is part of the 3
gene nucleotide salvage operon found to be diseassociated in a GWAS studyf
jejuni (Yahara, MéricTaylor, de Vries, et al. 2017yahara and colleagues stress the
importance of nucleotide supply for replication, transcription, and translation albeit

with the mechanism being unclear.
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The analysis of purine biosynthesis gemesF and apt have shown purines to be
important for intracellular epithelial survival Kyameronet al. (2015. The availability

of purines was linked to the ability to survieemotic and oxidative stress, due to their
involvement in the polyphosphate pathwé&ameroret al.et al.2015). Interaction with

the polyphosphate pathway could explain the association of ASB61_06320 with host
specificity as the protein was found to be differentially expressed in a knock down of
the C. jejunpolyphosphate kinasgpk) (Chandrashekhaet al. 2015. Theppk mutant

was unable to swwive osmotic shock and nutrient scarcity and was further incapable of
colonising chicks, indicating a role in regulation of host affii@gndoret al.2007). The
region discovered here might therefore be cauial a divergent ability to colonise
ruminants and chicks through the interaction with polyphosphate, but the association

invites further experimental validation.

The mostsecond mossignificant hit in the comparison of isolates from chicken and
ruminantsmaps to within thecj1044gene Transcription of cj0144 produces a putative
methylaccepting chemotaxis signal transduction protein also known as transducer like
protein 2 (Tlp2). InC. jejuni transducetlike proteins are sensors of environmental
stimuli through chemotaxis and energy taxis (Marchant, Wren, and Ketley 2002). The
tlp2 knockout in C. jejuni led to decreased chemotaxis towards aspartate, pyruvate,
inorganic phosphate, angon and resulted in a decreased ability to cokenchicken
intestines (Chandrashekhar et al. 2018). The gene was shown to be activated by
inorganic phosphate and oxygeeduced iron (Chandrashekhar et al. 2018). The
oxygenscarce gut microenvironment rkas the reduced iron forms Fe2+ and Fe3+ the

most readily available source of iron for gastric pathogens (Naikare et al. 2006). Iron
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supply is vital for C. jejuni as a cofactor for enzymes and for the synthesis of iron sulphur
proteins and cytochromes (Beharit and Ward 2005). Buchanan et al. (2017) already
found iron acquisition genes to be significantly associated with clinically related C. jejuni
subtypes. Chemotaxis towards iron within the gut is vital as the host releases iron away
from the bacteria Naikare et al. 2006). Using ChIP assays to show interaction with iron
uptake proteins in C. jejuni, Butcher et al. (2012) uncovered the alkaline phosphatase
cj0145 producing the protein PhoX and discovered tlp2 to be activated by the same
regulator in thepresence of iron. PhoX uses iron as a cofactor to acquire inorganic
phosphate through removal from phosphorganic substrate (Yong et al. 2014). C.
jejuni uses inorganic phosphate as the main source for the ppk mediated synthesis of
polyphosphate. Tlp2 sens to mediate both iron acquisition by chemotaxis and, in
tandem with PhoX, the generation of polyphosphate by first moving toward and then

acquiring inorganic phosphate.

The importance of both iron and phosphate for C. jejuni is underlined by a stuelewh

iron and phosphate transport genes were highly expressed in chicks compared to in vitro
cultures (Taveirne et al. 2013). Both hits discoveredninsource associated GWAS
indicate the importance of polphosphate generation for adaption to the chickand
ruminant niche. Polyphosphates are involved in hyperosmotic stress survival, carbon
starvation and intracellular survival in epithelial cells (Candon et al. 2007). Phosphorus
occurs in animal feed primarily in the form of phytates from which inorgainasphate

can be captured through phytase (Reddy, Sathe, and Salunkhe 1982). The enzyme is
abundant in ruminants, but largely absent or inactive in the gut on monogastric animals

such as chicken (Humer, Schwarz, and Schedle 2015). The difference inildialigya
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of phosphorus in chicken and ruminant intestines could explain why genes involved in
chemotaxis towards phosphates and polyphosphate accumulation are the most
significant associations my analysis.

3.5 Conclusions and Outlook

Combining the sequenseof multiple studies deposited on public databases has helped
me shed light on the host adaption &. jejuni Genes improving survival through the
processing chain and invasion of epithelial cells seem to be a common factor of
transmission from ruminat and chicken sources to human. The same two factors also
appear to be involved in pradapting chickefderived C. jejunifor transmission to
humans by the FQ resistancausinggyrA mutation. As seen irFigure 3-8 only
comparing chicken sources and human samples attributed to come from chicken shows
a highly significant interaction between FQ resistance and phenotype. Other known
antimicrobial resisince mutations also show no significant interaction with any
phenotype split, indicating that FQ use in chicken in particular is problematic and should
be replaced with other antimicrobials. Generaltgy findings highlight the danger of
pervasive armicrobial use in animal husbandry beyond the alarming rise of

antimicrobial resistance.
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Figure3-8 Antibiotic resistance across all GWAS studies

The inner circle shows known mutations conferring resistance to quinolones,
aminoglycosides, and macrolides. The three outer rings show the Manhattan plots of the
ruminant source vs ruminant human, chickenrseuvs chicken human and chicken

source vs ruminant source GWAS successively. Significant associations are coloured in
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the respective colours of the split, as also shown in the rings underneath the Manhattan

plot.

In investigating host association withiarin animals,| found genes involved in the
polyphosphate pathway to be crucial for niche adaption due to a difference in
phosphate availability within the chicken and ruminant gut. Our findings were only
made possible through the generosity of resehers pursuing similar lines of
investigation. It shows the great potential of large, wallated and accessible public
sequence databases for broadening the understanding of pathogen evolution. By using
a careful approach of reassembly followed by ateasive regimen of filtering, and
statistical control via inclusion of covariatéprovide a robust approach for combining
heterogeneous sequencing collections for GWAS. As aiSource can be retrained using
different labels for predictionmy approach can easily be repurposed for investigating
other phenotype splits using cgML$Mope to provide a first step towards performing
automated GWAS to investigate any trait or disease of interest using public sequencing
databasesThiswork shouldfacilitate access to the tremendous potential that largely

lies dormant within the evemcreasing wealth of bacterial genomic data.
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Theemergenceof the severeaaute respiratorysyndrome-coronavirus2 (SARE0V-2)
in 2019 prompted an urgent global demand for insight into the hitherto unknown
coronavirusdisease(COVIBL9). Thelinkageof large scalecomprehensiveprospective
cohort studieslike UKBiobank(UKB)with COVIBEL9 test data provided an important
tool to bridgethe lengthydata collectionstep requiredfor big data analysisA COVID
19riskassessmenivasparticularly important to help overburdenedhealth systemgo
target their limited medicalattention and resources.Thisrequirementwasaddressed
by an abundanceof studiesutilising UKBdata investigatingvarying hypothesesand
presentingmultiple assemblagesf independentriskfactors.Dueto the intricacyof the
causalchainsinvolvedin humandiseaserisk assessmentruciallydependson variable
choice, possibly explainingthe divergent outcomesbasedon the same underlying
database.Here | present an agnostic and comprehensiverisk assessmenthrough
Bayesiarmodelaveraginghat includesthe full scaleof availablebiomarkersin UKB By
alsoprovidinga machinelearningbasedrisk prediction, | canboth provide analysisof
risk and reassespreviousefforts in usingmachinelearningfor inferential modelling.!
find variables capturing sociceconomic standing, ill health, and ethnicity to be
important determinants of hospitalisation and severe forms of the disease.My
susceptibilityanalysissmphasiseshe importanceof housingarrangementsnfluencing
within-householdtransmissiorasthe main driver of COVIBL9 positivity. Usingthe full
extent of information availableit is possibleto shedlight on the plethora of published
COVIBL9 risk assessmentbasedon UKBdata and show that the discoveryof risk

factorsthrough machinelearningfeature importanceis questionablewithout further
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analysisAsmyalgorithmcanbereadilyreimplementedusingother binarylabels,| hope
to provideavaluabletool for sheddindight on anydiseaseof interestusingpre-existing
largeprospectivecohort studies.

4.1 Introduction

Theemergenceof SARZ0V2Z asan aetiologicalagentof the coronavirusdiseasehat
emergedin 2019 presented unparalleledchallengesfor healthcare systemsglobally
owingto its high infectivity, virulenceand asymptomatictransmission(Bi et al. 2020,
Furukawa, Brooks, and Sol#20. Thereis an extensiveclinicalspectrumassociated
with coronavirusdisease(COVIBL9) infection includingasymptomaticcarriage,mild
upperrespiratorytract diseaseandsevereviral pneumonia(Huang et al. 2020; F. Zhou
et al. 2020) Thewider, pro-inflammatory,tissueinvasivenessf SARZ0\2 hasled to
cardiovasculacomplications,renal injury, gastrointestinaldiseaseand spreadto the
centralnervoussystemwith the potential of long-term persistenceof effects(Bohnet
al. 2020 Raveendran, Jayadevan, and Sashidha@#i). After appearingn late 2019,
SARZ0\Z becamea global public health emergencythat swiftly evolvedinto the
greaest economic,political, and socialcrisisof the seconddecadeof the 215t century
(Rashedet al.2020. Numerousdisciplinesshifted their focusto combattingthe global
pandemic, which prompted an urgent demand for data to describe a previously

unknowndisease.

Understandingand predictingrisk for severeforms of COVIBL9 becane an early goal
to allocateresourcesandattention whilstthe pandemicoverburdenedmedicalfacilities
(Sokolowskaet al. 2020. Sucha pre-hospitalisationrisk assessmentallowed the

identification of potentially vulnerablepatients,enablingthe designationof groupsfor
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shieldingand early vaccinedelivery (Ho, CelidVorales,et al. 2020. With a variety of
symptomsandthe wide clinicalspectrumobserved,a wealth of heterogeneougatais
requiredfor understandingrisk (Brotman et al. 2005. Highquality data is arduousto
collate under normal circumstancesand especiallydifficult to obtain on timescales
requiredto tackleanactivepandemic Fortunatelyfor CO/ID-19researchlargepublicly
availableprospectivecohortstudieslike UKBiobank UKB)Sudlowet al.2015 hadbeen
specificallydesignedto study diseaseand its associatedrisk. Dynamiclinkage with
COVIEL9 test results and hospitalisationdata by Armstronget al. (Armstronget al.
2020 facilitated COVIBEL9 researchin UKBearlyin the pandemic.UKBis particularly
well positionedfor studyingCOVIBL9riskasparticiparts agerangesfrom 50to 87 and
incidenceof severityincreaseswith age (Bi et al. 2020; Q. Li et al. 2020; Huang et al.
2020) Linkageby UKBto other COVIBEL9 dataincludingmortality and hospitalrecords,
togetherwith its wide array of epidemiologicalmedical,and geneticrecords,enabled
numerousstudiesto identify risk factors of COVIBL9 infection, hospitalisation,and

mortality (Table4-1).
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Table4-1 Table of COVIBL9 studies based on UKB data

Associated

Study Methods  Phenotypes  Independent Associated
: Comorbidities
variables
Amin and SG
summar Susceptibility Noassociation
Drenos P21 Mary ospitalisation found
statistics
Andersoret al.
Poisson Hospitalisation Venous
2021 regression  Mortality thromboembolism
Fallor fragility fractures
Coronaryheartdisease
Type2 diabetes
AtkInS et al Asthma
Logistic Hospitalisation Kidneydisease
2020 regression  Mortality Dementia
COBD
Pneumonia
Depression
Atrial fibrillation
BMI
Waist
circumference
Aunget al. Logistic Systolidblood
regression I pressure
2020 and Cox Susceptibility Serumglucose
Serumglycated
models .
haemoglobin
LDLcholesterol
HDLcholesterol
Triglycerides
Batty, Deary, Cox . Cognitive
andGale2021 regression ARz function
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Education
levels
Deprivation
Occupation
Psychological
distress
Mental health
Neuroticism
Cognitive
Markers

G.D.Battyet Logistic

al. 2020 regression Hospitalisation

Christenseret  Poisson  Susceptibility Noassociation
al. 2021 regression Mortality found

Logistic
regression
and Susceptibility

Cliftet al. 2022 Mendelian Mortality

Smoking

randomisat
ion

Dabbahet al. » _
Machine i Regpiratory.

2021 learning y piratory

function

Dldlkogluet al. Maternal

Logistic ~ Susceptibility smoking
2021 regression Hospitalisation Breastfeeding
Birthweight

Age

Logistic . Occupation

2021 regression MR Smoking
Steroiduse

CystatinC

Fanetal. 2020 | ggistic ~ Susceptibility Alcohol
regression Mortality consumption

Introduction

Pneumonia

Cardiovasculadisease
Hypertension
Diabetes
Autoimmunedisease
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Fatimaet al.

2021

Freuer,
Linseisenand

Meisinger2021

Gaoet al. 2022

Gillieset al.

2022

Hameret al.

2020

Hassaret al.

2021

Hastie Pell,and

Sattar2021

Henneet al.

2021

Logistic
regression

Radial
regression

Cox
regression

Logistic
regression

Linear
regression

Logistic
regression

Cox
regression

Logistic
regression

— Occupation
Susceptibility Ethnicity
Susceptibility vsg/ilsl;t

Hospitalisation .
circumference

BMI
Waist
circumference

Susceptibility
Hospitalisation
Mortality

Hospitalisation

Mortality Livingsituation

Physicabctivity
BMI
Greadive
Protein

Hospitalisation

Hospitalisation
Mortality

No association
found

Hospitalisation
Mortality

No association
found

Introduction

Type2 diabetes

Schizophrenia
Bipolardisorder
Depression
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Ho, Petermann

Rochagt al. Poisson
regression
2020
Ho, Celis
Morales,etal.  poisson
regression
2020
Huetal. 2022 | ggistic
regression
Q-M. Huanget
Logistic
al. 2022 regression
Julkuneret al.
Logistic
2021 regression

Kolinetal. 2020  pgisson
regression

Kuoetal. 2021 [ ggistic

regression

Mortality

Hospitalisation

Hospitalisation
Mortality

Hospitalisation
Mortality

Hospitalisation

Hospitalisation

Hospitalisation
Mortality

Age

BMI
Glycated
haemoglobin
Smoking
Walkingpace
Medication
Forced
expiratory
volume
HDLcholesterol
Ethnicity
Deprivation
CystatinC

Ethnicity
Deprivation
Medication
Bloodtypes

PhenotypicAge

Introduction

Hypertension

Neurodegenerative
disease

COPD

COPD
Ischemicheartdisease
Mental disorders
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Larvinet al. .
Logistic
2021 regression
andcox
HarrietLarvin
Logistic
etal. 2020 regression
Lassalest al.
Logistic
2020 regression
Lassalest al.
Logistic
2021 regression
Leeetal. 2021 | ggistic
regression
Lehrerand
Rheinstein
ANOVA
2021b
Lehrerand
Rheinstein Logistic
regression
2021a
X.Lietal.2021 -09!stic
regression

Hospitalisation
Mortality

Hospitalisation
Mortality

Hospitalisation

Hospitalisation
Mortality

Susceptibility

Mortality

Susceptibility

Susceptibility

Hospitalisation Noassociation

Mortality

BMI

Ethnicity

HDLcholesterol

Deprivation
Ethnicity
BMI
Occupation
Smoking

Medications

Eyewear

Introduction

Periodontaldisease

Periodontaldisease

Cancer
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and Cox
model
. Waist
J.Lietal. 2022 | ogistic Hospitalisation circumference Nonralcoholicfatty liver
regression Mortality Hip disease

circumference

S.Lietal. 2021 o o -
Logistic ~ Susceptibility VitaminD
regression Hospitaliséion MUHO
H.Lietal. 2021 _
Coxmodel Mortality Cancer

Liuetal. 2022 | ogistic ~ Susceptibility

regression Hospitalisation SleEpinnEloits
Lodgeet al.
Logistic .
2021 regression Susceptibility Asthma
H.Maetal.
Logistic _ VitaminD
2021 regression SRl supplementuse
Y.Maetal.
Significanc Hospitalisation o
2021 e tests Mortality Medication
Maidstoneet
Logistic L .
al. 2021 regression Susceptibility  Occupation
McQueenieet
Poisson I . . e
al. 2020 regression Susceptibility  Medications  Multiple comorbidities
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Papadopoulou phenome

etal. 2021

Patelet al.

2020

Petermann

Rocheet al.

2020

Peters,
MacMahon,

andWoodward

2021

PratsUribeet

al. 2021

Razielet al.

2020

Safizadelet al.

2021

wide
association
studies

Observatio
nal

Poisson
regression

Cx
regression

Poisson
regression

Logistic
regression

Logistic
regression

Introduction

Susceptibility
Hospitalisation
Mortality

Cardiovasculadiseases

Ethnicity

Hospitalisation Deprivation

Hospitalisation Frailtyscore

Mortality
BMI
Waist
circumference
Mortality Waistto hip
ratio
Waistto heigh
ratio
Susceptibility :
Mortality ST
- BMI
Susceptibility Ethnicity
Hospitalisation Medications

Mortality
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Sattaret al. il
Poisson HSousSpc;te;I) ;[;zalt::)yn BMI
2020 i ici
regression Mortality Ethnicity
Travaglicet al.
Logistic ~ Susceptibility PMandNOxair
2021 regression  Mortality pollution
Wanget al.
Logistic ~ Susceptibility e
2021 regression Mortality Psychiatridisorders
Wonget al. AR Type2 diabetes
: Medication :
Machine Haspitalisation Waist Coronaryartery disease
2021 learning P . Atrial fibrillation
circumference Dementia
Kidneyfunction
Woodward,
Peters,and
Cox . Mortality Deprivation
regression
Harris2021
Xiang,Wong, i
i Susceptibility
Logistic Hospitalisation Medications
andS02021  regression ool o
Mortality
Yanget al. 2020 isti
* Loglstl_c Susceptibility Psychiatridisorders
regression
Yateset al.
Logistic BMI
2020 regression Susceptibility Waist

circumference
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Yateset al.
Logistic Hospitalisation BMI
2021 regression  Mortality Walkingpace
Yoshikawa,
Asabaand CWAS Susceptibility . .
summary Triglyceride

. Hospitalisation
Nakayama021 statistics

RaisiEstabragh

Logistic

et al. 2020 regression Hospitalisation Ethnicity

Zhanget al.
Logistic ~ Susceptibility
2021 regression Hospitalisation EERe el
J.Zhouet al.
Logistic Hospitalisation Neurodegenerative
2021 regression P disease
Zhuet al. 2020a isti
LOg'St'.C Hospitalisation Asthma
regression
Zhuet al. 2020b isti BMI
Log|st{c Hospitalisation Waist
regression

circumference

Investigatingthe wide clinicalspectrumand the causesof the manifold symptomsof
COVIBL9 requiresa comprehensiveriew of the intricate and interwoven pathwaysof

humanbiology.Diseasesre often the resultof complexcausakhainswherethe effect
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of oneriskfactor canonly be fully understoodin the contex of all others (Kraemeret
al. 2001). All 66 UKBCOVIEL9 risk factor studieslisted in Table4-1 are basedon the
samecohort, yet few studiesagreeon allindependentriskfactorsand evenfewer draw
from all availablemeasurementsCommonlyagreedon risk factorsalsofound in UKB
studies like sex, age, obesty, and pulmonary and cardiovasculardiseaseswere
discoveredearlyin the COVIBL9 outbreak (Docherty et al. 2020; N. Chen et al. 2020;
Huang et al. 2020; F. Zhou et al. 20B9yondtheserisk factorsagreedupon shortly
after the onsetof the pandemicmultiple comorbiditiesand clinicalmeasuresarelisted
dependingon the focusof the study. Theidentification of risk factorsand the analysis
of their independencehingeson which other varables are included in the model
(Brotmanet al. 2005. Facusingon one singleaspectof humanhealth, suchasobesity,
diabetesor periodontaldiseaseignoreshow the manyfactors of health interact, and
potentiallyneglectaunknowncollidersthat mightactuallybe causalGriffithet al.2020).
Usingdomain knowledgeto selectvariablesfor study designcan substantiallyreduce
computationtime but canalsobiasriskfactor discoveryVariableselectionin statistical
inferenceis a subjectiveart that makesunstatedassumptions which maymisssignals
or reachpremature conclusions unlessall alternative modelsare considered.In this
chapter | aim to provide an agnostic approach by incorporating a vast array of
information contained in UKBto fully leverage its potential for broadeningthe

understandingof COVIBL9risk.

In the ageof big data analysisa popularmethod capableof includinglarge quantities
of heterogeneouslataismachinelearning.In contrastto mostCOVIBL9 studiesof UKB

datawhich usedclassicastatisticalmethodslike logisticregressionPoissorregression
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and Coxmodels,there were alsotwo studieswhich usedmachinelearningin the form
of gradientboostedtrees(Dabbah et al. 2021; K-E. Wong et al. 2021Albeitprimarily
usedfor predictingoutcome,machinelearninggeneratesrelative featureimportances
asa by-product of their training (Saarela and Jauhiain@®21). Machinelearningcan
leveragecorrelation for prediction but as explainedin the introduction, causalityis
never establishedand therefore without further investigation interpreting feature
importanceremainsprecarious(Prosperiet al. 2020. Machinelearnersare optimised
for prediction and canbe capablehypothesisgeneration(Khoury and loannidi2014)
but usinggradientboostedtreesalonewill not help to establishcausality. However it
doesallow me to comparefeature importanceto inferential modellingto interrogate
the hypothesegput forward by machinelearning. Additionally,| canprovidea prediction
of whether individualsare likely to have severeforms of diseaseupon infection with
SARZ0\Z. | hopeto thusgiveabroadview of what causesandwhoisat riskof severe

COVIRLO.

An alternative bottom-up risk factor discoverycan be achievedwithin a Bayesian
framework.Theinfluenceof variablechoiceon the outcome canbe explicitlyaddressed
via Bayesiamrmodel averaging(BMA) (Hinneet al. 2020. BMA providesa parameter
estimate by averagingacrossmultiple different modelsweighted by their respective
probability (Hinneet al. 2020. In this context,the modelscorrespondto different sets
of potential risk factors.Herel usea Markov chainMonte Carlo(MCMC)algorithmto

randomly sample from most available UKB variables for inclusion into a logistic
regressionmodel predicting different COVIBL9 phenotypes.My MCMC chain start

points are sampled broadly from all availablevariables,and through a stochastic
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samplingprocessBMA generatesthe posterior inclusion probability (PoP).The PoP
enables me to estimate the effect of all variableson COVIBL9 outcome whilst
accountingfor model uncertainty. To speed up computations,the method usesa
Normaldistribution approximationfor the likelihood function, a simplificationthat is
motivatedbythe largesamplesizesanalysedThischaptercomparesBMAandgradiert
boosted trees to investigate COVIBL9 severity, hospitalisation,and susceptibility.|
offer abroadviewonriskthat harvestshe strengthsof machinelearningfor prediction
and Bayesianmodelling for inference. The agnosticand comprehensiverisk factor
assessmenthrough BMA shedslight on which reported risk factors are likely to be
robustto modelmisspecificatiorand allowsme to investigatehow feature importance
comparesto inferential modelling.1 hope to thus offer a comprehensivedata-driven
analysisof COVIBL9 risk basedon UKBdatathat canbe readilyrepurposedfor other

diseases.

4.2 Methods
4.2.1 DatasetCollectionandPreparation

Drawingrobustinferencesfrom risk factor analysiss dependenton the quality of the
underlyingdata, whichrequiresrigorousdata cleaning.Thefollowing stepswere taken
to cleanup UKBiobankdata. Participantghat died or were otherwiselost to follow up
sincethe initial UKBiobankregistrationwere excluded AssomeCOVIEL19 test results
were only providedfor Englandnon-Englishparticipantswere alsoexcluded.Variables
missingmore than 5%of the datawere excludedand columnswere typecastaccording
to UKBiobankdataspecificationsintegerand continuousmissirg valueswere imputed
usingthe meanof the column and3 columnswith zerovariancewvereremoved.Missing

factorswere castasa new level and encodedasthe integer -999. Factorswith more
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than50levelswereremoved excluding2 columns Numerousbhiomarkershavemultiple
measurementsavailablefor eachparticipant,the result of one or more hospitalvisits
after initial UK Biobankregistration. For such repeated factor measurements,the
median of all values was computed, and averagesover all visits were used for
continuousvalues.All factors with more than 2 levelswere dummy-encodedas one
levelversusall other levels.Diseasesvere encodedin the form proposedby the tenth
revision of the International StatisticalClassificatiorof Diseasesand Relaed Health
Problems(ICD (World Health Organizatioh992. The ICDcodeswere aggregatedn
Charlsorcomorbiditiesindices,which groupssimilardiseasegogether (Charlsoret al.
1987). Thefinal datasetcomprisedof 426,893rowsrepresening participantsand 1,143
columns consistingof measurements,of which 155 were continuous variables, 74
integervaluesand 914 binary categoricadummyvariables Thedummyvariablesvere
the resultof the one-versusrestencodingof 17 Charlsorcodes,3411CDcodesand141
other factor columns.With the data processindinished,the phenotypesof risk were

definedasfollows.

4.2.2 PhenotypeDefinitions

Theriskassessmentvasformalisedasa binaryclassificatiortaskwith caseand control
definitions drawn from the COVIBEL9 Host Geneticslinitiative (The SevereCOVIEBL9

GWAS Group 2020)

1 Verysevere:Casesvere definedasall patientshospitaliseddeador on respiratory
supportwith laboratory-confirmed SARZ 0\Z infection and all patientsadmitted
to hospitalswith COVIBL9listedasprimaryreasonfor admissionn=871).Controls

were all residualUKBparticipantsin the final dataset(n =426,022).
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1 Hospitalisation: Caseswere defined as all hospitalised, laboratory-confirmed
SARZ0\Z infections that were hospitaliseddue to COVIBEL9 symptoms(n =
2,681).Controlswere all residualUKBparticipantsin the final dataset(n =424,22).

1 Susceptibility: Caseswere defined by laboratory-confirmed SARZ 0\Z and all
COVIBEL9infectionsconfirmedby medicalprofessionalgn =77,867).Controlswere

all residualUKBparticipantsin the final dataset(n = 349,026).

Thephenotypeswere subsequentlyusedas classedor risk predictionin the machine

learningmodelandasoutcomesfor the logisticregressiorin the BMAapproach.

4.2.3 Machine Learning
4.2.3.1 Classifier Choice and Training

Formachindearningriskprediction,gradientboosteddecisiontreeswere usedbecause
theygenerateinterpretableandreliableclas#ficationmodels whilstrequiringlittle data
pre-processingTheadequacyof this algorithm for COVIBEL9 UKBstudieshasalready
beendemonstratedtwice (K. G.Y. Wong et al. 2021; Dabbah et al. 202ightGBMKe
et a. 2017) waschosemsanimplementationdueto it nativelysupportingfactorswhich
are abundantin the UKBiobank.Themodelwastrained on a75%training set and the
performancewasmeasuredon a 25%test setwith samplesbeingrandomlysortedinto
either set Loglosswaschosenasan optimisationfunction which generatesan output
scorethat rangesfrom 0 to 1, resemblingprobability. Thetreeswere grown usingloss
guideasagrowth policy. Theresidualparametersof the modelwere estimatedthrough

hyperparametertuning usingPython.
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In choosingoptimal hyperparametersthe training set wasfurther split into a training
set (90%)and an evaluationset (10%)sothe latter could be usedfor early stoppingto

combatoverfitting. Agreedylinearapproachwasusedto arrive at optimal parameters,
wherebyasuccessiof hyperparametersvasestablishedForeveryparameterapre-

defined range of parameterswas cycledthrough by using 5-fold crossvalidation to

assessperformance. Among all possiblevaluesfor one hyperparameter,the value
resulting in the lowest log loss was kept for tuning the next hyperparameter.The
training was stoppedwhen the log losson the evaluationset did not improve for 10
consecutivaterations. Thetrained classifiewasappliedon the trainingandtestingset
with performancemeasuredn precision recall, AUC F1,negativepredictivevalueand
accuracy(seeFigurel-3 for an explanationof performancemetrics).Asclassbalanceis
important for machine learning validation, the test set was balancedby randomly
undersamplinghe controlsto the numberof casedn the dataset.Forcomparisonwith

the PoPas estimated by BMA, relative feature importancewas measuredin several

different measures.

4.2.3.2 Feature Importance

Relativefeatureimportancewasmeasuredby usingthe & 3 | dng6éa Litpoiiahices
implementedin LightGBMn additionto Shapleywalueg(Huettner and Sunde2012 and
permutationimportances TheSHARackagdavailableat: https://shap.readthedocs.io
/en/latest/api.html) wasusedfor generatingShapleyalues.Permutationimportances
were measuredoy iterating throughall columnsof the dataandrandomly shufflingone
column at a time. The machinelearner was trained on the complete data with one

columnshuffled. Thepredictionof the shuffledcolumnclassifiewascomparedagainst
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a baseline prediction from a classifier using the original unshuffled dataset. The
predictionswere comparedusinglog loss, which was used as an approximation of
featureimportancefor the shuffledcolumn.Tobetter judgewhichfeatureswere used
by the classifierrandomnoise,Gaussiamoise,Poissomoiseandarandomcategorical
columnwere addedto the datasetas all availablenoise distributionsin the numpy
Pythonlibrary. Featuresscoringlower than any of the noisecolumnswere considered
irrelevantand their importancewassetto 0. All feature comparisonsvere correlated
against the posterior probability computed by the BMA using { LIS I NJX¥ank/ Q &
coefficient.Allmachinelearningfeatureimportanceswere scaledsothat the maximum
valuewasequalto 1 andthe minimumvaluewasequalto 0. Thecomparisorof feature
importancesto PoPshouldestablishhow well feature importance(asa by-product of

prediction)approximateghe inferencesmadeby the following BMAapproach.

4.2.4 BayesiatModel Averaging
4.2.4.1 Notation

A generalregressiorsettingwasusedin whichthere are n observedoutcomesy;, . . .,
Y» and two groupsof parameters.Thefirst group of A parameters,[4, . . ., [4 are
regressiorcoefficientsfor A candidateexplanatoryvariables(i.e.features),X;, i=1...
n,j=1...A Theprimaryaimwasto identify which candidatevariablesinfluencethe
outcome,i.e. which of the regressioncoefficientsare non-zero. The secondgroup of ¥
parameters! 1, ...,1y, wereof secondarynterestdueto their inclusionin everyiteration

of the model. TheY parameterscouldincludeaninterceptterm, regressiorcoefficients

L Except for 4.2.5.3, these sections were written by Daniel J. Wilson who also formulated
the theory. Nicolas Arning rewrote the section and contributed subseetiarb.3and
the theory behind it.
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for other variableghat are alwaysincludedin the model,andanerror varianceamong

others.

In total there were 2" modelswhich were indexedby s, a binary vector of length Ain
whichthe jth elementindicatesthe inclusionof the jth candidateexplanatoryvariable,

i.e.

. _ [oig=0
ST 1 g #£0. 1)

Thenotation Msrefersto the modelwith the constraintsspecifiedby s. The notation M

o refersto the g@yrandnull Gn whichg =0forallj=1...A

Resultswere summarsed with respectto one or more specificvariable(sjof-interest.
The number of variablesof-interest was denoted as s, with 1 XA XXA, where
commonlythe focuslay on s = 1. When consideringthese variablesof-interest, the
2" ¥*combinationsof other variableswere consideredasorderedin awaywhere Mis

was usedto representa model includingthe variable(s)of-interest and Mg a model

excludingthe variable(s)of-interest, with 1 X{ ¥@ " %~

4.2.4.2 Targetsof Inference

Therewere two maintargetsof inference:

i Estimatingthe posterior oddsthat one or more specificvariable(sjof-interest
were associatedvith the outcome

PoOe = 5 . (v, X)

where Ms and Mg are shorthandfor all modelsthat respectivelyincludeand

excludethe variable(sjof-interest, allowingthe aboveto be rewritten as

PO — izt Pr(Mig | Y, X)

Zz Y@ Pr (J\/h;;; | Y._ X} 123

i=1
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1 Estimatingthe magnitude and direction of effect of specific variable(sjof-
interestonthe outcome,averagedverall modelsin whichthosevariablesvere

included.Specificallythe posterior meanandvariance

E[B,|Y,X,Mg] and V[B.|Y,X Mg

were estimated.
In the above,Y representsthe outcomedata and X representsall candidatevariables
(i.e. features)potentially associatedwith the outcome. Thetargetsof inferencewere

estimatedby MCMC.

4.2.4.3 Initialisingthe MCMC
We originally exploreda strategyin which the MCMCwas initialised by choosing10

candidate variablesuniformly at random. However, a strong correlation structure
between candidate variablesmade this an inefficient strategy. Instead, a furthest
neighbour approach was used to optimally explore the feature space for chain
initialisation.{ LJS | NXMahky¢dxélationbetweenall variableswas calculatedand all
pairsof variablesabove0.5correlationwere collected whichwaschosemnmanuallyfrom
a distribution of all observedcorrelations.A randomvariablein the largestgroupwas
chosenas a starting point of a chain. The remainingvariablesfor initialisation were
selectedby iteratively choosingthe variableleast correlatedto the variablesalready
included.If there were multiple variablesexhibitingthe minimumobservedcorrelation,
for example0, one waschosenat random. Initially the variablewaschosenwhichwas
the least correlated with the starting variable. When selectingthe third and later

variables,a f SO ZANINS wds deSdedby computingthe averagedistancefrom the
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alreadyselectedvariablesto the remainingones.Theprocedurewasrepeateduntil a
startinggroupof 10 variableswasassembledUsinga furthest neighbourapproachfor
starting MCMCchainsled to a better samplingof the feature spacecontainedin the

UKBthan an entirely randomchaininitialisation.

4.2.4.4 MetropolisHastingdMovesto Explorehe ModelSpace

Updatesto the modelwere proposedat eachstep by addingor removingone variable
at atime or swappingout one variablefor anothercorrelatedvariable.In the notation,
s denotesthe variableinclusionvector exploredby iteration t of the MCMC,and | g| =
B [ showsthe numberof variablesthe vectorincluded.Theprobability with which
eachmovewasproposedis summarsed in Table4-2. Theparameterp wasdetermined
by the prior distribution on the number of explanatoryvariablesassociatedwith the

outcome(seebelow).

Table4-2 MetropolisHastings Moves

When|s| =0 When0<|g <A When| g =A
A
Addavariable 1 & 0
Mg A
. P W
Removea variable 0 _ 1
¢cTg A
Swapa variable 0 ﬁ 0
CTt
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4.2.4.4.1 Adding a variable

Avariablewasaddedoneat atime by uniformrandomchoicefrom the AL | 5| excluded

variablesto createa new variableinclusionvectorsa

4.2.4.4.2 Removingvariable

Avariablewasremovedone at atime by uniform randomchoicefrom the | 5| included

variablesto createa new variableinclusionvectorsa

4.2.4.4.3 Swapping variable

A variable was chosenuniformly at randomto be swappedout from amongthe | g
includedvariables Areplacementvariablewaschosenfrom amongthe AL | § excluded
variableswith probability proportional to its squaredcorrelation coefficientwith the

variablechosenfor removal.

4.2.4.4.4 Acceptancerobabilities

Fromthe usualtheory for MetropolisHastingamoves(Metropolis et al. 1953),taking
into accountthe likelihood Pr(Y | X, Ms) (specifiedbelow), prior model probability Pr(

Ms) (specifiedbelow)andHastinggatio, the proposalwasacceptedwith probability

min {l__ Pr(Y | X, M) Pr(M,) fi: (s" — s) } )
PI‘(Y | X._,M_g) Pr(Ms) K (S - Sr)

wherethe proposalprobabilitiesin the Hastinggatio were:

126



Using Machine Learning and Bayesian Model Averaging to Analyse-CDR4ER

Methods

1
- if 8| = 0 and &' added a variable to s
e

19(1—p) 1

20(2 — ) v — |s|
2
11 (1—s5)r5; )

—_— L~ if0 < |8 < v and &' replaced variable i in & with j
20 8] 3y (1 — =) 7,

if 0 < |8 < v and & added a variable to s

ffl'l'.s —>.5'] = 4

19 1 1 . .
—— — if 0 < |s| < v and &' removed a variable from s
2002 —p)|s

1 . . .

- if |8 = v and 8" removed a variable from s

e

0 otherwise

with |[sf =B i andi%the squaredcorrelation coefficient between candidate

variables andj.

4.2.4.5 Summarisingosterioroddsratios

For every phenotype definition, i.e. very severe COVIBELY, hospitalisation, and
susceptibility 50 chainsof length 100,000iterationswere run. A burn-in period of 1000

iterationswasremoved,deemedsufficientbasedon preliminaryruns.

Theposteriorprobabilitythat candidatevariablei wasassociatedvith the outcomewas

definedas
1 -'"'"ritm'
== t
PoPge = v Z ": ) 4)
< ¥iter i—1

where Nier Wwasthe total number of iterations, and s wasthe inclusionvector during

iteration t of the MCMC excludingourn-in.

A standard error for 0 ¢ Owas estimated by comparing the results across the

independentchains:

2
5.e. (POPI@) - in‘frcha.inﬁ
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where Nenainswasthe total numberof chains,andd ¢ 0 wasthe estimatedposterior
oddsfrom chainc alone.Thestandarderror enabledthe assessmenof anapproximate

95%confidenceintervalfor the posteriorprobabilitiesas

o ©)
PoPig + 2 se. (PoPig)

Theconfidenceintervalswere usedto assesshe levelof stochasticerror dueto MCMC
sampling, and thereby also judge the length of chains needed. The posterior
probabilities and their approximate 95% confidenceintervals were converted into

posterioroddsusingthe formula

PoP
- (7
PoO T Pop

Anexplanationof the prior andlikelihoodfunctionsusedin the MCMCfollows.

4.2.4.6 Priormodelprobabilities

A priori, every candidateexplanatoryvariablewas assumedo be equallylikely to be

associatedwvith the outcome.

Forthe number of candidatevariablesincludedin the model, a truncated geometric

distributionon 0, 1, . . ., Awith parameterp = 0.1wasassumed:

p(l—p)*

I]rl:|5| = 1"} = 1 — “_ _ I“}u—l (8)

Theprior expectationon the numberof includedvariablesunderthis prior, for largeA,
is approximatelyd nupp. A p of 0.1 was chosen,implying an expectationof about 9

variablesassociatedvith the outcomebasedon preliminaryrunsof the algorithm.
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This prior is over-dispersedrelative to a binomial distribution with the same prior

expectationwhichwaspreferredon the groundsthat it wastherefore lessinformative.

Theprior probabilityon the modelwith inclusionvectorswasthus

or( _ p(l—p) s| ( v! )
Pr(M.) = 1—(1— Jnr]l"‘“/ [s|! (v — |s])! ®)

4.2.4.7 Fulllikelihoodfor modelandparameters

For a given inclusion vector s, the associationbetween explanatory variablesand
outcome was analysedusinga linear model The outcome variablesof interest were
binary,with Y = 1 indicatinga case andY; =0, a control. Therefore alogisticregression

with linear predictorwasassumed
1#
logit (Pr(Y; = 1|X, Ms, 8,7)) = > _ 85 Xij + 7. (10)
j=1

wherer;isthe effect of explanatoryvariablej, constrainedto be zerowhens =0, and/
is the intercept term, includedin every model. Here the logit function is logit(x) =

log¢/(1 b X)). Then observationsvere assumedndependent.

However the parametersy and* were not exploredusingthe MCMC sincethis would
havebeeninefficient. Instead,the parameterswere integrated over analytically,with

the help of alargesampleNormalapproximationto the likelihooddefinedabove.

Henceforth—= denotesthe combinedparametervector. It wasimportant to adopt

a precisenotation for the elementsof —that are free in a specificmodel asit is a

potential sourceof confusion.l use sto denotethe indexsetof free (i.e.unconstrained)
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parameéersin modelMs. Similarly, s= s\ odenotesthe indexsetof parametersthat

arefree in modelMsg,but not in Mo.

Alargesamplesizeapproximation(seesubsectior?.4.11later for mathematicaldetails)

allowsthe likelihoodto be written as

0, fn z(om,f,,}l) 0 €0y,

Pr(Y|X Mg,0) ~ ¢ Forma (9"(;’) (11)
0 otherwise

Here s is a constant, fnormal is the multivariate Normal density function and —

is the maximumlikelihood estimate (MLE)of —under model Ms. HereQg ¢ is

the parameterspaceof modelMs, whichimposesthe constraintthat i =0whens =0,

and

I(6) = —%??’Z[lﬂg[’r(m){.ﬁ]]I"r(y|X.H} (12)
Y

isthe per-observationFisherinformation matrix (FIM).

Thisform of the likelihoodenablesthe analyticalintegrationoverthe prior distribution

of —-describednext.

4.2.4.8 Priordistributionof effects

It is convenientto assumea Normalprior distribution for the free parameters,asit is
conjugate to the approximate Normal likelihood. The assumption simplifies

computationsandinvolvesonly two parametersa meanand variance.

A mean of zero was chosengiving positive and negative effects equal weight and

centringthe distribution of effectsunder the alternative hypothesis(that a candidate
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variableinfluencesoutcome)aroundthe null hypothesegqthat a candidatevariablehas

zeroeffecton outcome).

A pragmaticapproachwas taken for the variance,assuminga form that would give

convenientresults.Therefore,a priori

X. My ~ N (u. (h I{njﬂfs}—‘) (13)

OF,

wasassumedvhere h isa hyperparametercontrollingthe dispersionof the prior.

This prior is essentiallyZellneds (1986) g-prior applied to an approximate Normal
likelihood.Its useproducesa convenientform for the modellikelihoodintegratedover

the effectsizeswhichis neededfor the MCMC andexplainednext.

4.2.4.9 Modellikelihoodintegratedovereffectsizes

To streamline the MCMC,—was integrated over analytically,which was possible
because of the mathematically convenient forms provided by assuming an

asymptoticallyNormallikelihood,and a conjugateNormalprior distribution on —

Theanalyticalintegration of —allowedfor the definingthe likelihoodof Msin relation

to Mo (seesection2.4.11for mathematicaldetails);thisis knownasthe Bayedactor:

Pr(Y|X, M,)
Pr(Y|X, M) (14)

f2
— h e R nf(n+h)
n+h s

BF.

where

Pr (Y|x._ M, é{si)

Ry = :
’ Pr (Y|X. Mo, a{m) (15)
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isthe maximeed likelihoodratio. ThisBayedactor wassufficientfor usein the MCMC,
becausethe acceptanceprobability (Equation2) alwaysdependson a ratio of model

likelihoodsfor MsversusMss

Thestrengthof this form liesin not dependingon an explicitcomputation of the FIM.

Theonly quantitiesneededwere:

1 Themaximeed likelihoodfrom the gilm commandin R
1 Knowledgeof the samplesize,n

1 Achoiceof the prior hyper-parameter,h

Forn >>h, the mainrole of the hyperparameterh wasto modify the penalty on the
number of free parametersin the Bayesiannterpretation of the maximsed likelihood

ratio Rs.

It wasnaturalunderthe definedprior to assumehat h D 8 (1), becausehisimpliesthat
the weight of evidenceprovided by the prior was comparableto that from a single
observeddatapoint. Therefore,h wasusuallysetto 1, but the robustnessof the final

resultsto aweakerprior of h =0.1wasalsoinvestigated.

4.2.4.10Simulatingeffectsizes

The second target-of-inference was the effect size for the explanatory variables,
conditionalon inclusionin the model.Here,direct simulationwaspossible becausehe
conditionalposteriordistribution for the free parametersin the modelhadthe Normd

distribution

Or, Y. X Mg ~ N( moge T (nI{{])}—s_}—s}_l) (16)

n+h e n+h
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For eachiteration of the MCMC,the effect sizeswere directly simulated from this
conditionalposterior distribution, usingthe current state of Ms. Thesimulationswere

done on a variableby-variable basis(i.e. &+ = 1) usingthe R function rnorm . This

v -~
requiredthe classicamaximumlikelihoodestimate—, andvariance(n k |= "OFOI )bl

Bothwere obtainedby applyingcoef(summary(fit)) to the objectfit output by
the glm command,which had already been run during the MCMCto obtain the

maxim#sed likelihood.

Finally the following summariedor variableof-interesti were computed:

* N 0 510

N 17
s, 4

and

Nie (1) [ a(0))2 _ .
) e gt (Y Niter 4(t) g(t)
VB Y. X Ms] = T (m ) ‘( o ) 4o
S| Tl !

wheref .,8 wasthe effect sizesimulatedfor variablei duringiteration t of the MCMC.

Note that it was not necessaryto simulaté .,8 for iterations when the variablewas

excludedfrom the model (i 8 T); which would have been constrainedto zero by

definition regardless.

4.2.4.11Mathematicaldetails

Someof the more technicaldetailsunderpinningthe aboveare describedoelow.
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2.4.11.1Approximatdikelihood

In calculatingan approximatelikelihood(section2.4.7),the samplesizen wasassumed
to be large, so that the likelihood surfacecould be approximatedvia a secondorder

Taylorseriesexpansiorasa Normaldistribution (Coxand Hinkley1974),i.e.

Pr (Y|X, My, 0%)) x
PrY|X,Ms,0) ~ exp {_% (‘g_ra - éi))’j(é(s})n.h (95 - éf’:s))

0 otherwise
- i)
¢s fNormal 7.

if 0 € O,

05 . {n i'(éfsnﬂ_ﬂ}_L) if 6 € Op, (19)

0 otherwise

Herecsis a constant,fnormalis the multivariate Normaldensity function,—

is the maximum likelihood estimate (MLE)of —under model M, and ‘Q‘,i is the

parameterspaceof modelMs. Thisexpansionmposeshe constraintthat i =0whens

=0,and
o n 1
I{Hﬂsjjfsfs = —=VV log Pr (Y| X, Ms.07,) . (20)
isthe per-observationempiricalFIM.
A secondapproximationallowedEquation19to be rewritten
Pr (Y|X. -"Ms- 9} ~ Cg fl\'ormal (éﬂ;j 9}_.9" {'T.'. I(O)J-—a__?—'a }_1) if ¢ e 97.\/[8 (21)
. 0 otherwise

134



Using Machine Learning diBayesian Model Averaging to Analyse CANIRisk

Methods
where

7(68) = —%V‘F’ Z [log Pr(y| X, 0)] Pr(y| X, 6) (22)
y

is the per-observationFIM. Thisis justifiable because assuminga large samplesizen,
andsubjectto importanttechnial conditions(Cox and khkley1974) assumecherebut

not expounded,

(') ~ Z(6'%) (23)

Intuitively, this is the asymptoticequivalencebetweenthe empiricalFIM evaluatedat
the MLE,andthe FIM evaluatedat an arbitrary point. Theequivalenceasimplied by (i)
the asymptoticallyNormallog-likelihood surface which hasa fixed Hessiarmatrix and
(if) the asymptoticallynegligiblestochasticnoise in the estimate of the FIM that the

empiricalFIM
provides.

TheMLEundermodelMsis definedas

gls) — argmaxgeg , Pr(Y|X, M, 0) (24)

Assuminghe modeldoesnot sufferfrom identifiability issuesg in particular,a problem
with collinearitybetweenthe includedvariablesg then the MLEis efficientto compute
using standard software. The glm function in R was used, whilst not allowing non-
identifiable models by assumingthey had zero likelihood. Thismeant that any non-

identifiablemodelproposedduringthe MCMCwasautomaticallyrejected.
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2.4.11.2Modellikelihoodintegratedover effect sizes

Tostreamlinethe MCMC|l integratedover—analytically. Theintegrationwaspossible
because of the mathematically convenient forms provided by assuming (i) an
asymptotically Normallikelihood,and (ii) a conjugateNormal prior distribution on —

Themodellikelihoodintegratedoverthe prior couldtherefore be written as

[’T{le,fv!s) /.fl\ornnl (H[S} 9(8) {?1 I }_s }_3} l)

f_\'ormal (‘9}:—? 0-. '{h I(O)}_s._?-__g ) d‘g(S)

O,E) with %= (+i) 0 )" (29)

mn
0, Ess.rss) X

=

= Cg ff‘\]ormfll (é‘d&fﬂ)

= (g f}\]ornml (ng

fl\ornnl ( ‘ EJ—'U BB{EBS Bg} (Ess)'- [{ E_l}}_u.}_u] _l) ! (26)

wherethe lastline factorisesthe likelihood.

Similarstepscanbe followed to computethe grandnull modellikelihood, pluggingin

the appropriatechangeof prior. However this requiresfactorisation beforeintegrating:

Pl'{YlX._;Mn) = Csff_\'m-mul (JB(S}

01533_33) *
. _ -1
( v+ EEJ.BE{EBB.BS}_Iﬁ{sjr[ g l}}'n-}-u} ) *
ff\lornnl ( ‘D {h I .?'_u.}_u}_l) d-Y
h (27)

X5, .5,

f Normal
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(28)
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Fromhere, likelihood of Ms canbe definedrelativeto Mo; this is known asthe Bayes

factor:

Pr(Y|X, Ms)
Pr(Y|X, Mop)

fN'ornml (B(BSB)

BFg

0, 23,,.33)

f.\'ormal (ﬂ 28, B,,)
. (29)
4 = (s)

<n + h ) { 2h 'B [2 B’] ﬁ }

>SI/) { n+h (r@ ) [{(I(O)ﬂf’)_l}ss,ss]_l ﬂﬁi’} (30)
) s]/2

:r'

n, (n+h)

(31)

Thefinal step relieson a large-samplesizeidentity for the maximsed likelihoodratio

betweenmodel Ms andthe nestedgrandnull Mo:

Pr (Y|X._ éisl]
B = n (v1x,60) (32)

= axp {; (»“9553); [{{Ifﬂiﬁfs]_l}smsj i QE‘)} (33)

Themaximsed likelihoodratio (MLR)for the test of Mo versusMs canbe written using

the Normalapproximation(Equationl9)as

Rs ~ exp {g (H[ﬂ] 9[3}) (o' )7, F, (5{“ Hfr )} (34)
~  exp {g (HJ[FES _HH,[;:)’I{D]I&FE ( Fa )} (35)
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the secondine of approximationowingto the asymptoticequivalenceof the Fisherand

empiricalFishernnformation.

Theratio canbe simplifiedbecauseunder the large n approximation,the MLEsof the
parameterscommonto Mo andMsarerelatedthroughthe expression{CoxandHinkley

1974,p. 308).

4O &y [{I(D)Fa-fs}_l}}—“_}—u ([{I{O}F“I‘*}_I]E,.Bs)

The simplification can be understoodas taking the maximumof a slice through the

-1

(8 - B)  (36)

likelihood surface, which is proportional to the density of — . The conditional
maximum is therefore computed using the formula for the conditional mean of a
multivariate Normal distribution. Substituting and rearranging gives the form in
Equation33.

4.2.5 StatisticalAnalysis

Theresultsof the machinelearninganalysisarereportedin both accuracyandin relative
importanceof features.Theaccuracys measuredn AUCandthe featureimportanceis
measuredin & 3 | & ¥ £AEndpérinutationimportancesaswell asShapleyalues All
the importancesare comparedto the BMA results using Pearsoncorrelation after
scalingall valuesto between 0 and 1. All the analysisusing machinelearningwere

performedin the Pythonprogramminganguage.

The BMArisk factor analysiss reported as individual posterior inclusionprobabilities
for everyrisk factor, computedasdescribedunder 4.2.4.5 Thedirectionality of effect
was assessedisingthe mean beta acrossall chains.All the analysisusingBMA were

performedin the Rprogranminglanguage.
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4.3 Results

The agnosticrisk assessmentarried out here includes712 individualmeasurements
from 426,893participants.The datasetwas split into casesand controlsaccordingto
three criteria: (i) very severecasesof COVIBL9 (871 cases)(ii) hospitalisationdue to
COVIBEL9 (2,681 cases)ii) susceptibilityto COVIBEL9 infection (77,867cases)ygainst
the respectiveresidual population. A flowchart of the dataset collection processis
depictedin Figure4-1

All UKB Participants
N = 502,505 Dead or otherwise

lost to follow up
[ N = 56,650
N = 445,855

t Non-English participants
N = 56,650

N = 426,893

Very severe Susceptibility
Cases = 871 Controls = 426,022 Cases = 77,867 Controls = 349,026

Hospitalisation

Cases = 2,631 Controls = 424,262

Figure4-1 Flowchart Participants

Shows the filtering steps of UKB participants alongsidecttsecontrolsplits of the

different COVIEL9 outcome definitions.

Further a descriptionof the main participant demographicghrough the continuous

columnscanbe seenin Table4-3 and binarycolumnsare describedn 4-4.

Table4-3 Participant demographics tifie dataset.

Continuous columns are shown through their mean and interquartile radgary

columns are shows as the percentage of which the traits are present throughout the
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whole dataset. The varying diseases were taken from the Charlson comorbidities indices,

which groups similar ICD disease codes together.

I T
Continuous characteristics
Weight  77.9 (66.40-87.40)
Height 168.5 (162-175)
Age 70.1 (64-77)
Waist circumference 90.1 (80-99)
Body mass Index  27.3 (24.10-29.82)

Binary characteristics

Sex female 55%

Ever smoked 59%

Myocardial Infarction 3%

Congestive Heart Failure 2%

Diabetes without complications 6%

Metastatic Carcinoma 1%

Peptic Ulcer Disease 2%

Mild Liver Disease 1%

Periphral Vascular Disease 2%

Cancer 8%

Chronic Pulmonary Disease 10%

Diabetes with complications 1%

Renal Disease 2%

Paraplegia and Hemiplegia 1%

Cerebrovascular Disease 3%

Connective Tissue Disease Rhel_Jmatic 204
Disease

140



Using Machine Learning and Bayesian Model Averagigalyse COVAIO Risk

Results

Thesamedata and labelswere usedfor phenotypepredictionusingmachinelearning

in the form of a gradientboostedtree and BMAIn the form of a logisticregression.

4.3.1 Machinelearning

Asshownin Figure4-2, on a balancedcasecontrol setthe predictionof severeCOVID
19 showsan areaunder the receiveroperator curve (AUC)of 0.79. The prediction of
hospitalisationshowsan AUCof 0.75,with the susceptibilitypredictionbeingthe least
accurate of the three phenotypes with an AUC of 0.69. The comparison of
myperformance to previous COVIBL9 machine learning studies s difficult, due to
differences in sample size, phenotype definition and the included independent
variablesHowever,| cancomparebetweenthe three phenotypedefinitionsusedhere,
wherel obsenveatrend with more severeoutcomesof COVIEL9 beingmore accurately
predicted. Phenotypescapturing more severe disease outcomes could be more
biologicallydeterminedwhich could facilitate prediction, similarto heritability in the
genomewide associaibn studies(GWA$describedn chapter3. Overall the maximum
achievedAUCof 0.79putsinto questionhow actionablethe predictionof my algorithm
is for the individual patient. Possibleapplicationscould lie in augmenting clinical
decisionmakingby providinga convenientsummaryof healthfactorsthat contributeto
COVIBL9 outcome. Beyond investigatingthe accuracy,the predicted dependent
variable shows a difference in age distribution between the varying COVIBL9

outcomeswhichwarrantsfurther analysis.
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Figure4-2 Analysis of machine learning prediction

Performance and prediction of the machine learning model for the risk of very severe
COVIBEL9 upon infection with SARS0/-2 (A), hospitalisation due t€OVIEL9 upon
infection with SARSJ/-2 (B), and susceptibility toward3OVIEL9 (C). The different
dependent variables are represented as rows, whereas the columns show the area under
the receivetoperator-curve of the preidtion (1), different performance metrics of the

prediction (2) and the stratification of the prediction into age groups (3).
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Themachinelearningprediction stratified by age showsmore predicted severecases
and more predictedhospitalisationsamongstolder participants,whichis a well-known
trend that wasalreadyapparentwithin the first weeksof the pandemic(Bi et al. 2020;
Q. Li et al. 2020; Huang et al. 2028)rsusceptibilitythe agepyramidisinverted, with
a higher prediction for younger participantsto test positive for SARZ 0\Z. Older
people alreadygenerallyhavefewer socialcontacts(Tran Kienet al. 2021) and were
specificallyadvisedto minimise contactsduring the pandemic(Cabinet Office2020).
Therefore,the lower susceptibilitycould be the result of lower transmissiondue to
fewer socialcontacts. My findingscannotbe extrapolatedto those agedunder 50, as
there isno representationin the UKBfor theseagegroups.Havingpredicted COVIEL9

outcomewith machinelearning,|l usedthe samedataandlabelsfor the BMAapproach.

4.3.2 BayesiaiModel Averaging
TheBMAapproachhereusedalogisticregressiorwith an MCMCbhasedsamplingof risk

factorsto estimatea PoPthat modelsthe likely contribution of individualvariablesto

the COVIBL9 outcome,asseenin Figure4-3.
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Figure4-3 : Comparison Bayesian modelling approach and machine learning
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Comparison of Posterior probability generated by the Bayesian modelling approach
compared to varyig machine learning feature importances using different dependent
variables: sever€OVIBL9 upon infection with Sar€ov2 vs. rest of the population (A),
hospitalisation due t&€OVIBL9upon infection with SARSA/-2 vs rest of the population
(B)COVIEL9 positive cases vs. rest of the population (C). The posterior probabilities are
compared to feature importances by rank correlation (1) and by showing the posterior
probabilities (grey bars) against different feature importances scaled from 0 to 1
(coloure lollipops) for the 15 independent variables with the highest posterior
probability (2). The plot also shows the direction and magnitude of the effect as
measured by the estimate of the regression coefficient (blue dot) and its standard error

(lighter blwe bar) of the logistic regression (3).

4.4 Discussion
4.4.1 Very severe COVI Cases

Thetop scoringvariable in my BMA approachto risk factor analysisfor very severe
COVIEL9 outcomesis the ICD code J181 Lobar pneumonia causedby unspecified
organismwith a PoPof 0.98andameanbetaof 0.89N0.15(standarderror). Thepositive
beta suggestghat a history of pneumoniacontributestowards havingsevereCOVID
19. Thepresenceof past pneumoniahaspreviouslybeenlisted asthe secondlargest
increasean hospitalisationriskamongpre-existingcomorbiditiesby Atkinset al. (2020.

In their machine learning study Dabbah and colleagues(2021) also used Cox
proportional hazard ratios and stated that pneumoniaup to 12 months prior to

SARZ0\Z infection is one of the most important predictors of mortality. Lobar
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pneumonia,asopposedto bronchopneumoniand atypicalpneumonia,is aninfection
within the lobe of alung,where COVIBL9 associategpbneumoniais alsolocated (Haseli
et al. 2020. Normallythere are distinctive immune responsesdo COVIBL9 localised
within the lungs(Szabeet al.2021), whichcouldbe impairedby previouslunginjury. As
the UKBdataonly containeddiagnosesnadeprior to the pandemicmy resultsindicate
that a pastepisodeof pneumoniawill lead to increasedrisk of very severeCOVIEL9

evenwhennot immediatelyprecedingSARZ.0\Z infection.

Whetherthe participanthasever smokedwasthe next highestPoP(0.97)anda mean
beta of 0.82N0.16. The negative beta showsthe protective effect of never having
smokedon severeformsof COVIBL9. Despitecontrastingreportsearlyin the pandemic
(Cliftet al. 2022, smokingis listed in multiple UKBrisk factor studiesas contributing
towards,and not protectingfrom, severeforms of COVIBL9 (Hameret al. 2020, Prats
Uribe et al. 2021; Cliftet al. 2022; Didikoglet al. 2021; Leeet al. 2021; Elliottet al.
2021) Twostudiesfocusedon the effect of smokingspecificalljusingUKBdata. Prats
Uribeet al. (2021 foundthat that older participantshadtwice the risk of death of non-
smokers, although there was no observed difference under the age of 69. The
researcherdisted socialdeterminantsof health and deprivation as influencingboth
smokingstatusand respiratoryillnesswhich could possiblyconfoundthe association.
Sincemy approachincludedmany measurementsf health and deprivationindices,it
seemsunlikelythat, if artefactual,smokingshouldhave a higher PoPthan any of the
presumed confounders.Clift et al. (2022 found higher risks of hospitalisationand
mortality for smokerscomparedto neversmokeré UsingMendelianrandomisation,

the studyalsoshowedthat those geneticallypredisposedo smokingwere more at risk
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of infection and hospitalisation.Thedetrimental effect of smokingon the outcome of
COVIBEL9isunsurprisinggiventhe well documentedassociatiorwith adverseoutcomes
of respiratoryand cardiovasculaillnessgenerally(Arcavi and Benowit2004), aswell
as bacterial and viral infection of the lung specifically(Huttunen, Heikkinen, and
Syrjaner2011). Asreviewedby Hanet al. (2019 for influenza,smokingdecreasesung
immunity by damagingespiratoryepithelialandimmunecellsandtherebysuppressing
epithelial antiviral pathways.Smokingalso facilitates cytokine release,which may be
specificallydetrimentalfor COVIBL9. COVIEL9 mortality hasbeenlinkedto ficytokine
a i 2 Nwhergi an excessof proinflammatory cytokines exacerbatesrespiratory
distresg(Ragatet al.2020). In additionto depressingmmunity, pastor currentsmoking
hasbeenshownto upregulateangiotensinconvertingenzyme2 (ACE2)the receptor
by which SARZC0\Z enters humancells (Brakeet al. 2020). Increasedexpressionof
ACEZouldleadto more opportunitiesfor host cell entry by SARZ 0\Z. Therehave
beenmanypreviousstudiesthat indicatethe detrimental effectsof smokingon COVID
19 outcome.Thestrengthof my studyliesin the modelaveragingaspect,which offers
a more systematicapproachto variableselection.Thisin turn showssupportfor the

negativeeffect of smokingupon SARSC V-2 infection.

Waist circumference(in cm) had the samePoPas never havingsmoked(0.974),but
showed a positive beta of 0.03\0.003, indicatingthat a larger waist circumference
predisposepatientsto severeformsof COVIBL9. Waistcircumferencan tandemwith
obesityis a frequently found predictor of severeforms of COVIBEL9 in UKBstudies
(Peters, MacMahon, and Woodward 2021; Freuer, Linseisen, and Meisinger 2021; Aung

et al. 2020; Gao et al. 2022; J. Li et al. 2022;-K. @long et al. 2021; Zhu et al. 2020b;
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Yates et al. 2021Pbesityis alsoa commoncomorbidity for manymedicalconditions
and is associatedwith mortality from a variety of causes(Khaodhiar, McCowen, and
Blackburn1999. Similarto smoking and relevant to COVIEL9, obesity increases
circulation of inflammatory cytokines among other diseasecontributing factors
6[ 201 KI NII  ROZQR IntbréstinglyhawiedeR the next highest measure of
obesitywasthe right leg fat percentageshowinga PoPof 0.02,with BodyMassIndex
(BMI) havinga PoPof 0.02. Thedata presentedhere is indicative of visceralfat that
wrapsaround organs,asopposedto subcutaneoughat lies directly beneaththe skin
(Matsuzaweet al. 1995, beinga more informative measurefor severeCOVIBEL9 than
generalobesity. Thefinding suggesthat fat distribution is important, asvisceralfat is
found in the intra-abdominal cavity (Matsuzawaet al. 1995 and not, for example,
around legs or arms which are measuredin other obesity associatedUK Biobank
variables Thisassociatiorhasbeen previouslyinvestigatedwith UKBdata by Gaoand
colleagueq2022), but without finding a causalrelationship of central fat distribution.
Freuer,Linseiserand Meisinger(2021) reported similarfindings,where the impact of
BMI was stronger than the amount of visceralfat in their analysis.Whereasstudies
basedon UKBdata have not found a role of visceralfat, severalother studieshave
supportedits role over BMIin COVIEL9 outcome (Malavazost al. 2022 Khalangotet
al. 2022 Peterseret al.2020; Bunnelkt al.2021; Ogatat al. 2021; Favreet al. 2021)
Favreet al. (2021) showedthat ACE2xpressiorin visceralfat waspositivelycorrelated
with BMI, which is not true for subcutaneousfat deposits,which could suggesta
mechanismleadingto increasedseverity.Visceralfat alsoreleasesabout three times

more of the cytokire Interleukin6 than subcutaneoudgat (Fontanaet al. 2007), which
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is the spedfic cytokininlinkedto severeCOVIBL9 (Vatansever and Bec@020. Other
thanimmunologicakonsderation,more mechanicafactorscouldplayarole in COVID
19 severity.Obesitygenerally and specificallyfat locatedin the intra-abdominalcavity,
leadsto lower respiratoryrates(Burki and Baket984). Viscerafat restrictcsmovement
of the diaphragmanddecreasesungvolumeby pushingonto the lungs(Heet al.2021),

whichcouldexacerlate the hypoxiacausedoy COVIBL9 (Foldiet al.2021). Insummary,
waist circumferencelike smoking,appearsto aggravatehe adverseeffectsof COVID

19in avarietyof manners.

Generallymyanalysisndicatesthat previousdamageto the lungs,either by havinghad
pneumoniaor by a history of smoking.canleadto very severeCOVIBL9 uponinfection
with SARSCAV-2. Beyondthe three mainfacors discussedere, multiple other factors
like ethnicity, socialdeprivation,medication,comorbidities,and sexwere amongstthe
top factorsin my analysiswhich havealsobeencommonlydescribedin other studies
(seeTable4-1). Someof thesefactorswill be discussedin the restof this chapterasthey
rankedhigherin other phenotypes,whilst otherswill not be further discussedn the
interest of brevity. Apart from investigatingtop factors, an approachincluding a
comprehensiveset of measurementsalso offers the opportunity to analysethe
omissionof factors within the variableswith the highest PoP.Diabetesmellitus for
example,which was describedas an important comorbidity in early clinical studies
(Huang et al. 2020; F. Zhou et al. 2Q20)y showeda PoPof 0.04in my analysisThe
indicatedlow contributionto severitysuggestshat diabetesitselfisnot fundamentalin
severeCOVIBEL9. At leastin the age groupsinvestigatedhere, diabetescould be a

confounderof risk analysisasthe diseasecorrelateswith both ageand obesity(J. Luo
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et al. 2020) both being independentlyassocited with increasedseverity. Further,
studiesdevotedto specificcomorbiditiessuchas periodontal disease(H. Larviret al.
2021 Harriet Larviret al. 2020 and mental disorders(Y. Wang et al. 2021; Kolin et al.
2020)were not supportedby my analysisThework carriedout here showsthat model
averagedrisk factor assesmentscan highlight different risk factors comparedto the
quickly amassedwealth of COVIEL9 studiespublishedalmostin real time, some of

which offer divergingconclusions.

4.4.2 Hospitalisation due to COVID

The top scoringrisk factor for hospitalisationdue to COVIBL9 was the number of
treatments and medicationstaken with a PoP of 1.0. The positive mean beta of
0.05N0.01, indicatesthat the more medicationsor treatments have been taken, the
more likely the hospitalisationupon infectionwith SARZ.0\Z. Theassociatiorshould
theoreticallynot be an artefact of my phenotypedefinitions,as only participantsthat
were hospitalisedspecificallydue to COVIBL9 symptomsare included. Whether this
wasperfectlyrecordedin everyhospitalthat suppliedtest resultsto UKBisunclear.The
influenceof medicationon COVIEL9diseasdrajectoryhasbeeninvestigatedusinguKB
data in numerous studies (Kolin et al. 2020; Ho, Petermaittcha, et al. 2020;
McQueenie et al. 2020; K.-¥. Wong et al. 2021; H. Ma et al. 2021; Lehrer and
Rheinstein 2021b; Xiang, Wong, and So 202ypertensivemedicationwasspecifically
investigatedusingUKBdata due to the known risk factor of hypertenson in COVIBL9
andwasfound to havean associatiorwith sexspecificdifferencesin risk (Y. Maet al.
2021). One UKBstudy was also specificallydevotedto Renirangiotensiraldosterone

systeminhibitors becauseof their influence on ACE2and found to have protective
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effects (Safizadetet al. 2021). Thetop rankedvariablehere doesnot allow for such
detailed insightbut could rather be a measureof the generalhealth of a participant.
Themore treatmentsor medicationsa participantreceivesthe poorertheir healthand

the lesslikelythey areto successfullfight off a COVIBL9 infection.

The next highest scoring risk factor was, like in very severe COVIBLY, waist
circumferencewith a PoPof 0.99 and a mean beta of 0.02 (002, underlining the
adverseeffects of visceralfat on COVIBLY9 immunity. Thethird rankedcovariatewas
white ethnicity, alsowith a PoPof 0.99,anda meanbeta of -0.49N0.07,suggestinghat
beingwhite is protective againsthospitalisationdue to CO/ID-19. Ethnicityis a well-
describeccommonfindingof riskfactorassessmentsasedon UKBdata(Leeet al.2021;
Patelet al. 2020 Fatimaet al. 2021; Woodward, Peters, and Harris 2021; Elibtal.
2021; Koliret al.2020; S. Let al. 2021; Sattaet al. 2020; Razielet al. 2020; Lassalet
al. 2020; Raiskstabraghet al. 2020) and has been attributed to the multiple
detrimental effects of institutionalised racism which minorities are burdened with.
Socialdeprivation is a candidate for being the underlying causal factor, but the
adjustmentfor TownsendDeprivationIndex could not fully ameliorate the adverse
effectsof beingnon-white in previousstudies(Patelet al. 2020 RaisiEstabraglet al.
2020 Lassalet al. 2021) My approachcorroboratestheseresults,finding that a non-
white ethnicityisastrongerpredictorthan Townsendndex(PoP=0.002)T heautomatic
integration over all variablesand exclusionof confoundersallows me to readily
interrogate potential correlating factors, which is a further benefit of my approach.
Controlling for cardiometabolicfactors, housing situation, blood biomarkers, BMI,

cardiorespiratory comorbidities, and behavioural factors could not attenuate the
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associationwith COVIBL9 outcome in previousstudies (RaisiEstabraghet al. 2020
Patelet al. 2020 Lassaleet al. 2021) My resultssupport this for all aforementioned
factorsexceptobesity (PoPwaist circumference= 0.98) and cardiorespiratorydisease
(Pop=0.93)asl| find waist circumferenceand chronicpulmonarydiseaseas additional
risk factorsindependentfrom ethnicity. Differinggeneticpredispositionsaccordingto
race have been proposedas contributing to hospitalisationbut could not be verified
(McCoyet al. 2020. The relationship could be due to higher rates of infection in
minorities,whichhasbeenindicatedin meta-analysegSzeet al.2020 andis supported
by my analysisof COVIBEL9 susceptibility(see3.1.3). Theelevatedtransmissioncould
stem from housingsituationswith more crowded living arrangements(Martin et al.
2020 or sharedfacilities(Jinget al. 2020. Factorsassociatd with occupationthat vary
accordingto ethnicity havealsobeenimplicated,suchasworkingin shifts (Maidstone
et al. 2021), in jobs deemed essential,not being able to work remotely or being
employed in crowded environments with frequent exposure during or whilst
commutingto work (Szeet al.2020). Thedebateasto how ethnicityiscausafor COVID
19 hospitalisationis currently inconclusive However,some studiessuggestincreased
transmissioncould be causaland this explanationis supported by my susceptibility

analysiswhere housingsituationis alsoa prominentriskfactor.

Beyondhetop three factorsmentionedabove there are somenon-intuitive riskfactors
amongstthe highestPoP,like whether participantshad collegedegrees(PoP=0.99),
source of admissionto hospital (PoP=0.96pr time spent driving (PoP=0.91)Upon
closerinspectionthesefactorshaveall beenpreviouslylinkedto either generalhealth

or COVIBL9 outcome. Educationalattainment is closely linked to sociceconomic
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standing and has been linked with COVIBL9 outcome in a dedicated Mendelian
randomisationstudy, albeit without presentinga mechanism(Yoshikawa and Asaba
2021). My study does not support sociceconomicstandingas an independentrisk
factor,with Townsenddeprivationindexhavinga PoPof 0.002.Jianand colleaguegJian
et al.2021) haveput forward factorscorrelatingwith education,suchasovercrowding,
poor housing,and hygienicpractices.Thisis partly refuted by my work becauset only
hasa PoPof 0.02in my hospitalisatioranalysisywhereashouseownershipisamongthe
top factorsfor susceptibility.G.H-Y.Liet al. (2021) suggesteducationto be linkedto
higherknowledgeandhealthliteracy,leadingto riskaversionand stricteradherenceto
medicaladvice ,whichis difficult to investigateusingUKBdata. Timespentdrivingwas
shownto be anindicatorof unhealthylifestylesin UKBparticipants(Mackayet al.2019),
an associatiomot supportedby my analysiswvhich assignshealth scorea PoPof 0.01.
Time spentdriving could be an indicator linked to occupation,due to commutingto
work being more frequent in front line work and thus contributing to risk of
hospitalsation.Beingadmitted to hospitalfrom home hasan associatedneanbeta of
0.4, which couldindicatethat people previouslyhavingbeenadmitted to hospitalare
more likelyto be hospitalisedo COVIBL9 aswell, possiblydueto generallybeingof ill

health. COVIBEL9 susceptibility

In the COVIEL9 susceptibilityanalysighe top ranked PoPwasowningthe apartment
lived in, either directly or by someonein your household,with a PoPof 0.99. The
negative mean beta of -0.24 (N02 shows that participants that own their
accommodationare less susceptilbe to SARZE 0\Z infection. As within-household

transmissiorprovedto be the mostcommonmode of COVIBEL9 transmissionShenet
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al. 2020), the relation between homeownershipand positive COVIBLI testsis to be
expected Assumindhomeownersare more frequentlythe soleoccupantf their home
than renters, they are likely to have fewer socialcontactsand decreasedhousehold
transmissionespeciallyin quarantine.Theimportanceof householdransmissionsalso
shownthroughthe high PoPof numberin householdat 0.99. Theeffect of housingon
COVIBEL9 has been specificallyaddressedby Gilliesand colleaguesusing UKBdata,
albeiton seveity (Gillieset al.2022). Poorhousinghasfurther beenlinkedto increased
COVIBL9transmissionn the US(Ahmadet al. 2020). Houseownershipis suggestivef
higherincomecomparedto renting, with highersocioeconomicstandinghavingbeen
independentlylinkedto decreasedexposureto the virus(Bealeet al.2021). Differential
susceptibilityto COVIBEL9 asan effect of homeownershipseemdao be one of the many
disadvantagesufferedin the pandemidoy thoseof lower sociceconomicstanding.The
connection between deprivation and COVIBL9 susceptibility is apparent when
examiningthe other top rankedvariables.Theseare ethnicity (PoP=0.99), history of
psychoactiveabuse(PoP= 0.99), educationscore (PoP= 0.99),numberin household
(PoP=0.99),numberof full sisters(PoP=0.99)and universityand collegedegreegPoP
=0.0.96),which canall be descibed as capturingor correlatingwith sociceconomic

standing.

Beingof Asianor AsianBritishdescentisthe secondhighestPoPwith 0.99anda mean
beta of 0.49N0.05, makingindividualsof this ethnic backgroundmore likely to test
positive for COVIEL9 comparedto other ethnicities. Again, sociceconomicfactors
could be causal,howeverthe specificethnicity observedhere differs with the more

generalnon-white associationin very severeCOVIBL9. The specificallyhigherrisk of
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SouthAsianheritagecomparedto all other ethnicitieswas previouslyshownamid the
secondwave of the pandemicin the UK (Mathur et al. 2021). The study attributes
householdsizeand multi-generationalivingin SouthAsiancommunitiesto the higher
transmissibility,which is supported by other factors uncoveed, like homeownership

andnumberin household.

Betweenall three phenotypesthat measurethe impact of COVIBEL9 on my society,
sociceconomicstandingand ethnicity seemto be a commonfactor alongsidemedical
markersof ill health. The usefulnessof my approachis not limited to the analysisof
individual risk factors, but also allows for the comparisonto off-the-shelf feature

importancemeasureomingfrom machinelearning.

4.4.3 ComparisoriFeaturelmportanceand PosteriorProbability

3 showsthe different machinelearningfeature importancesalongsidethe posterior
probabilitiescreatedby BMA.Acrossall phenotypesandall featureimportancesthere
is a generaltrend wherein non-binary variableslike waist circumferenceor number of
medicationsare associatedwith higher feature importance. In comparison,binary
variableslike ICDcodesand dummy variableslike ethnic backgroundrank lower in
relative feature importance.Thedifferencebecomesmore apparentwhen comparing
meansacrossall phenotypesand variables.The meansof all posterior probabilities
betweenbinaryand continuousvariablesdiffer by 9.38%(binary=0.478,continuous=
0.437),whereasthe feature importance meansdiffer by 198.07%(binary = 0.104,
continuous0.206). It is a common occurrencethat continuousfeatures are ranked
higherin importanceof decisionmachinelearnerslike gradientboostedtrees.Decision

tree basedlearnersexhaustivelyexplore splits over all variableswithin a dataset(Loh
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and Shil997). Therefore thereisahigherprobabilityof findingabetter splitby chance
amongstthe many possiblesplitsin a continuousvariablewhen comparedto a binary
variable,whichonly offersone possiblesplit (Hothorn, Hornik, and ZeileZ)06). When
using feature importance as a proxy for likely influence of variableson COVIBL9
outcome,researchersnustkeepin mind that binary variablesare biasedagainstfrom

the outset. Thisbecomesparticularlyproblematicwhen investigatingcomorbidities,as
thoseare usuallydefinedby beingeither presentor absentin the patient. Biasagainst

binaryvariableshowever,is not the only concern.

Further doubt is cast on the utility of relative feature importance for risk factor
importancesby comparingrank correlatonsacrossdifferent phenotypes Whereasthe
feature importancemeasuref gain,split and Shaplewaluesshowgood correlations
with eachother acrossallphenotypegrange=0.98-1.0),they do not correlatewell with
PoP (range = 0.41-0.49). Permutation importance seemsto be an outlier of both
machinelearningfeature importances(range=0.66-0.71)and PoP(range=0.390.46).
My comparisorof relativefeatureimportancewith BMAsuggestshat interpretinghigh
rankingfeaturesasriskfactors,ashasbeendonein previousUKBstudies(Dabbah et al.
2021; K. CY. Wong et al. 20215 questionable My comparisonsupportsthe assertion
that without further efforts to disentanglechainsof correlation,the utility of machine
learning lies in classificationand not inferenceBeyondthe comparisonto machine
learning,the comparisonof this method to other risk factor prediction method like
logistic regresson poissonregressionand cox models would have been helpful for
outlining the differencesbetween establishedmethods and my method. Due to the

expected great amount of computational and time requirements of implementing
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classicalmodels on all biomarkersin UKB,| was not able to deploy these methods
becauseof time constraints.

4.5 ConclusionandOutlook

Thedifferencebetweenthe top-rankingvariablesin feature importanceand BMArisk

analysisunderlinesthe needfor a dedicatedrisk factor analysisCommonto all my risk

analysesare descriptorsof sociceconomicstanding.Factorsdescribingeducational
attainment, living situation, ethnicity, and deprivation ranking high in all analyses
underlineshow the pandemictrajectory traces existing lines of the societalwealh

divide.Not all sociceconomicfactorscontributeto all phenotypesasthe susceptibility
analysis uniquely emphasisesthe involvement of accommodation, possibly by

influencing household transmission. The analysis of very severe COVIBEL9 and

hospitalistion generallyunveilsrisk factors describingill health, specificallyobesity,
which do not feature in the susceptibilityanalysis.Alongsidemeasuresof obesity,

variablesindicatingsomeform of lunginjury are presentin both analysesof COVIEL9

sewerity. Very severeCOVIBL9 showsa history of pneumoniaand previoussmoking
amongthe top-rankingfactors and the Charlsoncode for chronic pulmonarydisease
and pneumoniaare amongthe highestrankingvariablesin hospitalisation.Intuitively,

a lungthat haspreviouslybeendamagedis more likely to declinewhen attackedby a

SarsCov2 infection than a healthy lung. Applying standardisedmethodology with

differing phenotypes shows how the BMA can be deployed irrespective of the

dependentvariable howeverthe utility of the approachiesbeyondcomparisonsvithin

my studybut rather by contrastingit with other research.
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| argue that my agnostic approach ameliorates concernsabout confoundersand
seledion biasthroughthe inclusionof a broadsetof variablesthe validity of whichcan
be shownempirically.Welldescribedrisk factorsfor whichthere is a consensusn the
literature to be detrimental for COVIBL9 outcome, like obesity (12 UKBstudies,see
Table4-1), sociceconomicstanding (10 UKBstudies),ethnicity (9 UKBstudies)and
smoking (5 UKB studies) are re-discoveredin my analysis.Supportingan existing
consensusn literature lendscredibility to the adequacyof my approachfor a biasfree
risk assessmentThis has encouragedme to investigatethe diverging hypotheses
suggestedby a flood of studiesbrought about by an urgent demandfor insightinto

COoVIBLo.

My agnosticand comprehensiveiskassessmenftor COVIBL9 outcomeusingUKBdata
supportssomeof the previousUKBstudies, while refuting others. Comorbiditiesthat
were previouslyoutlinedto be contributingto a COVIBL9 associatedleclineof health,
like diabetesmellitus (Atkins et al. 2020; F. Zhou et al. 2020; KY.GNong et al. 2021;
Elliott et al. 2021; Gao et al. 202Periodontaldisease(Harriet Larviret al. 2020; H.
Larvinet al.2021), mentaldisorders(Y. Wang et al. 2021; Kolin et al. 202080 asthma
(Zhuet al.2020g Lodgeet al.2021) are not supportedby my analysisFactorswith only
a few supporting studiesusing UKBdata, like air pollution contributingto COVIBL9
mortality and susceptibility (Travaglioet al. 2021), or glassesreducing COVIBEL9
susceptibility(Lehrer and Rheinstei20219 are alsonot supportedby my analysisThe
positiontakenonly by H. Ma et al. (2021) amongall UKBstudies,that habitual Vitamin
D useis protective of infection is corroboratedby my analysiswhich hasthe blood

biomarker for Vitamin D ranked 11" (PoP=0.98)n susceptibility. This finding goes
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againstother UKBstudiesrefuting the work of Ma andcolleaguegC. E. Hastie, Pell, and
Sattar 2021; S. Li et al. 2021; Elliott et al. 20P4dditionallydescribenovelfactorsnot
previouslyobservedin UKBstudies,suchasthe effect of a history of pneumoniaon
developingverysevereCOVIBL9 (15t rank, PoP=0.975)andthe effect of blood calcium
on COVIEL9 hospitalisation(5" rank, PoP= 0.984). The effect of prior pneumonia
(Mouliou, Kotsiou, and Gourgouliani2021) and calcium on COVIBL9 severity
(Alemzadetet al.2021) issupportedby researchbasedon other datasourcesSimilarly,

| find waist circumference the superior descriptor of COVIBL9 comparedto other
measures,contrary to other UKBstudies (Gao et al. 2022 Freuer, Linseisen, and
Meisinger2021), but in line with studiesbasedon other data (Malavazost al. 2022,
Khalangoet al. 2022 Peterseret al.2020; Bunnelét al.2021; Ogataet al.2021; Favre
et al. 2021) BMA allowsfor both the discoveryof new risk factors and supportingor
refuting existingrisk factor studieswithout beingsubjectto the sameconcernswhich

makesit widely applicablein epidemiologicakettings.

Despiteits demonstratedutility hereandin other recentstudieswith different foci (Mu,
See, and Edward®19 Yimeret al. 2021, Hinneet al. 2020) BMAhasnot beenused
for COVIBEL9 analysign the UKBprior to this study.Neitherisit a commonlydeployed
tool in risk factor analysisof diseasegenerally(Mu, See, and Edwar@919), whichisa
fatal omissionin the epidemiologicatoolkit asvariableinclusionconfoundsconclusions
(Kraemeret al. 2001). Ad hoc manualvariableselectionbasedon prior experienceis
difficult to audit and canleadto irreproducibleresults (Sauerbreiet al. 2020. In the
currently predominant analysismethodology, manual or other varialde selectionis
followed by associatiortests, which canbe reductionistin their over-relianceon the p-
value giventhat it offers limited information (Halsey2019. My approachaddresses
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both criticisms,asBMAproducesreadilyinterpretable posterior probabilities,and the
agnosticapproachmitigatesconcernsaboutthe inscrutabilityof variableselection.My
agnosticisms expressedn the definition of the prior, where | assumeall independent
variablesequallylikelyto be associatedvith the dependentvariable,which automates
the control for confounders.Theutility of my methodologyis not limited to COVIELY,
asdemonstratednere by using3 different phenotypesandcaneasilybe reusedfor any
diseaseor binarytrait of interest. Tofacilitate the useof my methodfor different research
questions,| have produceda computationallyefficient approachby exploitingthe Normal
approximationto the likelihoodthat isjustified by the biobankscaledata.Besidefacilitating
feasibility,it alsoopensthe door for PheWASype approachedor non-geneticrisk factors
to augment GWASapproaches.Similarly choosing the g-prior reduces the required
computational resourcesas it dependson only two hyperparameters,M and h. First
principles indicate that h should be constant as the data grows large, and therefore
negligiblecomparedto n, whichis convenientfor big data approachesSensitivityanalysis
precedingthe final risk factor analysisconfirmsthis by showingthe resultswere robustto
h=1vsh=0.1(datanot shown) Afurther departurefrom standardpracticewasthe inclusion
of factors by encodingevery level separately.The collinearity of the resulting dummy
variablesdoesnot trip up the resultingrisk analysisn BMA,which s a benefit over other
methodsasit allowsfor a more fine-grainedanalysisForexample, | wasableto delineate
non-whitenessasa relevantfactor insteadof beingreducedto sayingethnicity contributes
to risk generally. Furthermore, since each level is associatedwith a single degree of
freedom, the criteria for model inclusionare more easilymet than when imposingthe
constraint that all levels of the factor must be included or excluded simultaneously.
Preliminary results confirmed the utility of this approachas without encodinglevels

separately, multi-level factors were rarely among the highest scoring risk factors. By
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designingtools with computationalefficiencyin mind, | hope to make my BMA method

more accessible.

In this study| havelaid out the benefitsof BMAover other methodsof riskfactor discovery
on first principles, which | subsequently demonstrated empirically in a COVIEL9
framework. My computationally efficient method, unconstrained by concerns for
confirmationbiasand confounders providesa rigorousand standardisedool to risk factor

discoveryusablefor anydiseaseof interest.
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The big data era of infectious disease research dlesady been marked by great
challenges such as theoronavirus diseas€¢COVIBEL9) pandemic and the rise of
antimicrobial resistance, which have been fought on many fronts using techsfqua
statistics and machine learning.this closing chapterargue howl have contributed to

big data analysi®f infection by motivating, designing, and applying inference and
prediction tools for generating insight intBOVIBEL9 and Campylobacteriosid briefly
summarise the merits amy C.jejunisource prediction, the insight generated through
genomewide association studieGWA$ based on source prediction, and the
comprehensiveCOVIBEL9 risk assessment generated by combining prediction and
inference.l further highlight the limitations omy tools and the findings they generate
whilst proposingneans to overcome them through additional silicoanalysis and by
experimental validation of the generated hypotheses. In line withaim to not only
generate domain knowledge but also provide tools that can be repurposed to novel
infectious diseasasettings,| suggest future areas of application fory methodology.

The integration omy algorithms in public databases has the potential to makevork
accessible for researchers, including those that generated the data which enmalled
analysisMy closing arguments return to the topics coveredritroductory dapter and
consider how bridging the divide between the principles of algorithemd data
modelling can unlock the potential of big data in addressing current and future

challenges in infectious disease research.
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5.1 Summary of the Thesis

Alongside enormous infectious disease challenges, tec2mtury hasalso witnesed

the adventof big data, with the increasing variety, volume, and velocity of information
offering new lines of investigation to combat novel and ancient pathogensoié&r
methods have been designed to tap into the potential of big data with two largely
separate gos and tools to achieve them: statistical inference and machine learning
prediction. My aims were to motivate, develop and apply the right tools for the right
job, which can also be easily-pairposed to generalise across other infections. By
outlining the theoretical background of the methodology alongside their goals and
limitations in theintroductory chapter| established the tool choice of the subsequent
chapters.In Chapters 2, 3 and Kused these tools to contribute novel insights into

campylobacteriosis andoronavirus diseasgCOVIBL9):

1 In Chapter 21 used a gradient boosted classifier to predict the source of
Campylobacteriosifrom publicly available sequences deposited in PUbMLST.
The resulting machine learner, aiSource, improved the accuracy of the previously
most frequently applied method by 33Beyond improving accuracgiSource
widened the input spectrum of source attriiion from multi-locus sequence
typing (MLSY to coreegenome MLSTcgMLSYand whole genomic sequences
(WGS$, allowing individualised source attribution of genetically unique isolates
for the first time. Investigating predicted sources within the generdiieeage
ST21 showed varying host affinity within closely related sublineages, which
raised the question of whether genetic changes contribute to a switch in host

affinity.
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1 Building on the fineggrained prediction of aiSourc&hapter 3sought genetic
variation in C.jejuniunderlying host affinity using WGS from PubMU$dund
the host specificity between ruminants and chickens associated with genetic
variation observed in polyphosphate uptake and use. A commonality of the
adaptionof both chicken ad ruminantisolatesto the humanmicroenvironment
wasthe discovery of genesontributingto an increased ability to survive meat
processing and entering of host endothelial cells. These two abilities also
mediate preadaption to transmission tdwumans through &luoroquinolone
(FQ resistance conferring mutation e gyrAgene ofchickenstrains Asl only
discovered this association gtrainstransmittingfrom chickento humans, the
gyrAmutation could be an underlying factor of chickesolates being the only
niche specialists that readily transmit to humans as we have observed in Chapter
2.

1 The combination of prediction and inference was the basiCtupter 4 where
| used gradient boosted trees arithyesiarmodel averaging(BMA) to predict
risk and uncover risk factors f@OVIBL9 outcome and susceptibility froK
Biobank UKB data. Living situations influencing household transmission were
the most important risk factors for susceptibility. Known factorsC&VIB19
disease seerity, like ethnicity, socik@conomic standing, obesity, and markers of
ill health were rediscovered alongside less vesthmined factors like history of
pneumonia. By using an agnostic approactasable to evaluate findings of

previous UKB argses My results supported some previous findings, like the
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importance of visceral fat in the severity of disease, and challenged others, like
the influence of air pollution o€OVIBEL9 mortality risk.
The interpretation ofmy findings andtheir contribution to ther respective research
domairs have been laid out in the result chapters.therefore have only briefly
summarisedny findings and will subsequently focus on the limitationsnyfwork.
5.2 Limitations
There areseveral limitations to be highlighted throughout the result chapters of this

thesis:

1 In Chapter 2rapid host switching makes source attribution particularly
challenging, because it generates overlapping gene posleh asthose
between the cattle(85% ofcorrectly identified source label@ccuracy), see
Figure 24) and sheep niche&7% accuracy). Errors caused by the underlying
population biology are hard to avoid, buy approachalso suffers from the
data-greedy nature of training, as is generalhe case in machine learning.
Whereas well sampled classes like chicken can accurately be ideri@igeésa
accuracy), the more sparsely sampled environmental niche is more difficult to
attribute (77% accuracy). With thiaclusionof more data, especially dlfie less
well sampledclasses, the predictive performance should improve.

Other than improving accuracy, the processing of ispabuld be
revised. Inwideningthe input spectrum of source attributiomy approach
subsequently focused on cgMLST. @Helic profile must be assigned from raw
WGS prior to the analysis and cannot leverage information in the accessory

genome, where host specific genetic factors have been shown t(sheppard
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et al.2013. My WGS approach capturing information beyond the core genome
could not leverage the full genomic information: The WGS wareekised and
dimensionality reduction, in the form of feature selection, was used to
accommodatethe finite computational resourcesA moreeffective capture of
genomic data or more bespoke algorithm design which uses the genotype
information better would have great potential for source attributices WGS
becomes increasingly available through edeclining sequencing costs.

My tool choice is also not without limitations. Machine learning can draw
criticism for improving prediction accuracy without offering more biological
insight. The use of aiSource by itself without reaping the benefits of individual
attribution offers few adentages over existing methods beyond increased
accuracyl tried to address this by investigating the genetic basis of host affinity
switching by using the labels as a starting point for Chapter 3.

1 Chapter 3uses the prediction of aiSource and thus abges the criticism that
limited biological insight can be gained from machine learning. However, as a
tool for statistical inference aiSource is subject to its own limitations. To control
for possible confounders in sequencing-sgt and assemblyl, wasrequired to
limit the dataset to three bioprojects with a similar study design. The filtering
halved the number of samples used in Chapter 2 and limited the analysis to just
samples collected in the UK. Without further analysis, this filtering restriets th
conclusions about the mechanisms of C. jejuni adaptation to isolates from the
UK. This limits the interpretation ofly hypothesis that FQ resistance paeapts

C. jejuni to humans, where US samples could have allowed verification through
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investigatirg the effects of the American FQ bdfurther experimental work
could also investigate whether FQ resistance, increased survival through poultry
processing, and increased epithelial cell invasiesnimediated by increased
biofilm formation triggered by thegyrA mutation. Other resistance conferring
mutations for FQ and other antimicrobials would also have to be screened for
fitness, to confirm the of the pradaption ofonly FQ resistance among all
antimicrobialsand verify thatmy findings are not sanimg artefacts.If the
finding that FQ resistance increases chicken to human isolate transmission is
confirmed experimentally, suggesting a shift to different antibiotic use for
chicken processing. Convincing tpeultry production industry to cease all
antimicrobial use would be more difficult, as the dangers of pervasive antibiotic
use in increasing levels of resistance are already known and have not managed
to do so (Torreset al.2021).

Beyond FQ resistance, all mechanisms of adaptput forward require
further experimental validation. The involvement of the polyphosphate
pathway, for example, is only indirectly suggested through interaction with
other genes, requiring further proofExperimental validation would conclude
the knowledge discovery process started by prediction in Chapter 2 to inference
in Chapter 3.

1 The dual approaclisedin Chapter 4has similar shortcomings to those listed
above. The machine learning algorithm itsafers limited insight abou€COVID
19 risk, and the comparably low accuracy makes use in medical settings

questionable.
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In the BMA approach, rigorous data cleaning was required in the form of
exclusion of columns with a high degree of missing data, thrte® many levels
and values had to be imputed and repeated measurements combined. Although
I have designed a method that can be readilyapplied as is, the data cleaning
must be applied according to the limitations of the data at hand.-Apglicaton
would additionally require an adjustment of the priors, for example p which
defines the expected number of associated risk factors.

The reapplication of the BMA implementation to other research
questions is currently limited to binary dependent vatesy which is sufficient
for disease states, but could be amended for continuous variables which would
broadenthe spectrum of applicatios This would require modesttyeneralising
the existing code. Although the computational feasibility of the approach was
helped by a Normal approximation to the likelihood and the use of a conjugate
g-prior, which requires only two hypgrarameters, the required computational
resources are still eiderable. The risk factor analysis for the UKB dataset
consistingof 426,893rows and 1,143 columns,using 50 chains and 100,000
iterations, took three days of computation on 50 CPUs at 2.4 GHz each. The
length of theMarkov chain Monte Carld{CMQ chan is the timelimiting factor
and further consideration for better mixing leading to shorter chains could lower
the computational requirements. Borrowing concepts of machine learning could
be helpful, as an early stopping mechanism based on measuring thiagm
process could shorten computational time as it does when minimising predictive

loss. The output of the BMA analysis, which is currently given only as a PoP,
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might benefit from the definition of a significance eoff to automate the
selection of inteesting factors which wouldfurther reducethe subjectivity of
the analysis.

The risk factors suggested by the BMA analysis would also have to be
confirmed through bespoke experimental design for individual fagtors
especially for patients under 50 adl participants in UKB were over 50 at the
time of analysisConsidering the discovered risk factors capture ill health and
sociceconomic standing, verification would be limited to observational instead
of the interventionist experiments proposed earlier the Campylobacter
context.

The need for lab work downstream of inference methods digeomewide association
studies(GWA$and BMA are not shortcomings of the tool design, but inevitabilities of
inferring knowledge about an unseen process. Discoverogal relationships may lie

at the heart of statistical inference, but causality cannot be outright demonstrated using
observational data(Pearl2009. Designing experiments that investigate how changing
one independent variable affects a dependent variable can deliver proof of causality.
Experimental work, albegsometimes unjustlpverlooked inthe analysis ofarge scale
computationalwork, is closef integrated in the cycle of big data analysis as is illustrated
by my campylobacteriosisanalysis:lab generated sequences are used in source
prediction which provides starting points for inference that generates hypotheses which
are confirmed by lalvesearch. Beyond elaborating on how computational work like
mine can benefit fromin vitro studies,| also want to underline howny research could

benefit and feed back into experimental research.
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5.3 Outlook and Conclusions

Irrespective of theaims of prediction versus inference)y work is indebted to the
maintainers of large, well curated, databases like PubMLST and UKB, and the
researchers that contribute data to them. With few adjustmentg big data analysis
methods could be automated and redeployed within public databases, thus lowering
the threshold of statistical expertise and programming knowledge required for their
use. The speed of prediction and low computational requireméotsthe algorithm
developed in Chapter Zavour its integration into PubMLST. This would allow
microbiologists and clinicians to automatically assign sources to h@yjejuniandC.

coli isolates upon upload. AiSource, available frottps://github.com/narning1992/
aiSourcehas the builtin capability to be retrained given any label, allowihg userto

predict different phenotypes like country of origin or year of sampling for
Campylobacteor anyother microbial cgMLST sample. As was demonstrated in Chapter
2, the predicted labels can be used as phenotypes for microbial GWAS. The output of
the algorithm trained on cgMLST data also provides a convenient summary of the
genetic background and could lbeed as a covariate in GWAS for an enhanced control
of populationstratification. Similarlymy agnostic BMA approach can be repurposed for
conducting norgenetic risk analysis using different disease labels. I9KdB ideal
starting point as a comprehensive health dataset on whiblve demonstrated the
feasibilityof my approach and could make pprocessed data available. The output of

the logistic regression could further be used as a covariate to conwo-genetic

confounders in GWAS, which would complement the use of the aiSource prediction as
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a covariate. Both approaches together could help to enhance the utility of databases for
GWAS, particularly as efforts linking microbial isolates and sequetwedKB
participants are underway (Armstrong et al. 2020 Hilton et al. 2020. GWAS of
infectious disease could be applied to understand the impact of microbial and human
genetic factors in unison, where BMA can control sg@metic human confounders of
diseag and aiSource population stratification of the pathogen using UKB. The
accumulation of easily accessible data in lasgale databases is a major driver of
progress in big data research ahabpe to makemy contribution by making large scale
analysis more accessiblély work should not only encourageollaborationbetween
computational and experimental researchers, but also between the communities

pursuing statistical inference and machine learning.

By motivating and demonstratinipe appropriateuse ofcomputational methodology

in infectious disease researdhshow the respective strengths and limitations of
inference and prediction.In Chapter 41 specifically demonstrate that feature
importance without further analysis cannot substitute statistical inference for risk factor
analysis. Howevelalso exenplify how prediction and inference can be complementary
despite differences in underlying philosoplyChapter 3 showhow predicting sources

can give starting points of inference through GWAS and in Chapter 4 risk factor analysis
is augmented by mdiction of outcome to offer a complete view @OVIBL9 risk. My

results show how bth research communities can benefit from adopting approaches of
the other as is also seen in Chapter 4. The agnostic approach of including a vast array of
available UR biomarkers in the BMA approach is analogous to the -detady

approach taken in machine learning and allowmexd to investigate previous UKB
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studies. Bridging the divide between the two approaches of algorithmic and data

modelling could be crucial eddressing thél 2 R I & QuégenYréséaiich questions.

As outlined in theéntroductory chapter the 2F' century has brought massive challenges
for infectious disease research in the rise of novel agents@i®¥/IB19, continuing
threats like malaria and HIV and the-@eergence of old diseases through the rise of
antimicrobial resistance. Whilst the prevailing view towards infectious diseases in the
preceding century might have been optimistic, the outlook has detatél since, and
especially during the ongoin@OVIEL9 pandemic. Fortunately however, this century
wasalso witness to the big data revolution, which can address these challenges if the
potential of the evetincreasing wealth of informatiors tapped inta Inmy work, we

have demonstrated this by contributing OVIBEL9 and Campylobacteriosisesearch

and laid the groundwork for making sudhrgescale analyses more accessible.
Reuvisitingthe questions big data address listed in the introduct@what is going to
happen? What will happen if some variable is changed? What is the pattern of the
underlying data? (lwashyna and Li2014) ¢ | want to restate these questions with

respect tomy work:

1 How is the observed data generatedhe domain of statistical infereneeéming
to understand data generating processes through the language of probability.
1 What data will be generated®hich can be addressed with machine learning
prediction mirroring the hidden structuref the datain algorithms.
When investigating the notion of extrapolating from the clinical past to the future from
evidence based medicine in thetroductory chapter (Ehrensteinet al. 2017), | have

focusedon how the evidence has changed variety, velocity and volume, thereby

173



Discussion

Outlook and Conclusions

powering knowledge generation. However, using the past to glimpse into the future also

offers a way forward for big data analysis in the form of two more questions:

1 How can the understanding of a data generation process contribute to our
imitation of it?
1 How can the imitation of a data generating mechanism further our
understanding of it?
| haveoffered a glimpse of how to answer the lattely contributinga small step along
this path with encouraging resultsSimilar researchwill hopefully encourage the
collaborationbetweenboth modellingcommunities to better address both questions.
The synthesis dftatistical inference and machine learning prediction might be able to
unlock the enormous potential of big data, which would allow us to view the future of

infectious diseases with optimism once more.
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